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Asset classification using machine learning techniques - the case of Bitcoin

by Kevin KONINGS and Valentina-Nicoleta MUŞAT

We discuss the problem of classifying Bitcoin as a currency or commodity and approach
it from a market perspective. Following theory and recent empirical evidence on market
dynamics of commodities and exchange rates, we construct a number of features and em-
ploy both machine learning technology and classical econometric methods to identify the
differences in market dynamics of both asset classes. Our results strongly imply volatility
and liquidity as differentiators, as well as show strong predictability of the asset class of
a given market independently of the instrument through which it is traded. We finally
conclude that Bitcoin is almost universally identified as a commodity, which is in line with
past evidence and models, but provides little evidence on theories which consider it as a
new asset class with properties of both asset classes.
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1 Introduction

1.1 Bitcoin - future of financial transactions or speculative

asset?

The world of finance is on the move. A multitude of innovative technologies has emerged
in recent years, which promise to cause major disruption in several sectors of the field. A
controversial but promising technology among these is Bitcoin, and recently especially its
Blockchain component.

Bitcoin, as presented in its original white paper (Nakamoto, 2009), is a "purely peer-
to-peer version of electronic cash". It is generated through a network of computers solv-
ing mathematical equations (so-called "mining"), with an upper limit of 21 million Bitcoin,
expected to be reached in 2140 (Bouoiyour and Selmi, 2015). While transactions can be
tracked through a publicly visible log, the "Blockchain", Bitcoin provides its users with a
high degree of anonymity, if they wish so, due to payments taking place through a deregu-
lated P2P network and by using IDs for Bitcoin storage, so-called "wallets", instead through
centralized financial institutions or private third-party services. At its core, Bitcoin can thus
best be described as virtual cash and a deflationary and decentralized currency, whose
price, in theory, is driven primarily by demand and supply (Yermack, 2013).

The last few years saw a surge of Bitcoin trade and usage, with peak prices for one
Bitcoin well exceeding $1,000 for a short period in 2012. Figure 1.1 provides an overview
of Bitcoin’s price developments and transaction volumes since 2010. While it is evident
that Bitcoin’s total usage has grown considerably, its evident extreme price movements, in
combination with the long-term implications of its decentralized and deflationary mone-
tary policy concept, have cast doubt on its viability as a currency (Yermack (2013); Dowd
and Hutchinson (2015)). In addition, this lead to comparisons with anti-cyclic or even spec-
ulative assets, in particular gold and precious metals (Maurer et al., 2013), though even in
light of these criticisms other scholars defend Bitcoin’s properties as a currency (Wiseman
(2016); Kaplanov (2012)). Legislators and policy makers so far have been undecided on
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FIGURE 1.1: Daily XBT / USD exchange rate and transaction volume (in US
$million) since 2010. Data sources: Coindesk.com and Quandl.com

how to treat Bitcoin, especially in regards to its taxation, and legislation differs consider-
ably around the world and even within economic regions such as the European Union’s
member states (Global Legal Research Center, 2014).

More recently, the question of how to classify Bitcoin has been evaluated using a multi-
tude of quantitative approaches, for example by Glaser et al. (2014) and Baur, Hong, et al.
(2016). At the same time, a body of literature has emerged proposing a new asset class to fit
the unique properties of Bitcoin, most notably the theory of synthetic commodity money
proposed by Selgin (2014). Such theories are typically considered to possess properties of
both a commodity and currency and thus cannot be considered to fit perfectly into one of
both categories, implying the need for alternative policy considerations.

1.2 Research Question and contribution

We decide to approach the classification problem of Bitcoin using a quantitative classifica-
tion framework. More specifically, we will develop a simple model based on the aforemen-
tioned synthetic commodity theory of Selgin (2014), as well as previous evidence on the
classification of Bitcoin, i.e. Glaser et al. (2014) and Urquhart (2016), while considering em-
pirical evidence on market drivers of Bitcoin, commodity and foreign exchange markets.
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Specifically, based on concepts developed for previous classification problems in eco-
nomics, an algorithm determining the degree to which a given asset follows typical mar-
ket dynamics of commodity markets or the foreign exchange market will be developed.
For this purpose we will extract features based on previously identified macroeconomic
properties associated with dynamics with either asset class as inputs for three modelling
approaches: the well-established logistic regression model and two powerful techniques
from the field of artificial intelligence and supervised machine learning, namely artificial
neural networks (ANN) and support vector machines (SVM). More economically speaking,
we thus will model an agent, i.e. a policy maker or potential user of the asset, determining
the degree to which a given asset is closer to a currency or commodity based on its market
dynamics, and then apply the estimated model to predict Bitcoin’s classification.

Machine learning techniques in itself have been applied in many fields both in a re-
search and business context, including image recognition, customer churn prediction, or
autonomous cars. While generally overlapping with the field of econometrics to some
degree, the latter field is concerned with identifying correlations and causal relationships
between variables, while machine learning algorithms operate in a "black box"-like setting
employing a large number of non-linear relationships of variables, with exact mechanics
that are often hard to interpret. At the same time, however, they allow for highly com-
plex models and variable interactions and transformations, and through that often exceed
the forecasting power of classical econometric forecasting models, especially with large
amounts of data involved (Varian, 2014). Our approach follows the applications of such
algorithms to several other problems in economics and particularly finance, among them
credit and bond ratings (Y.-C. Lee (2007); Z. Huang et al. (2004)), bankruptcy (Z. Hua et al.
(2007), Härdle et al. (2009)), and forecasting (Kohzadi et al. (1996)). While we expand the
body of applications in this field with our research, we will also consider the limitation of
such algorithms described above by additionally employing the logistic regression model
to identify and describe the effects of statistically significant features.

Besides our main research question as well as this technically driven contribution, we
will consider several other problems in the context of asset classification. Following the no-
tion of several authors comparing Bitcoin with specific commodities, in particular precious
metals and gold (Maurer et al., 2013), as well as recent evidence that commodity markets,
even within one sub-class, might exhibit different market dynamics (Batten, Ciner, et al.,
2010), we will consider three different baskets, or "levels", of currencies and commodities
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in our tests. Through this, we will not only be able to directly compare Bitcoin with both
precious metals as well as gold, in addition to commodity markets in general, but also
identify differences in features that differentiate across sub-classes, and if they yield dif-
ferent interpretations and results for our main problem of Bitcoin. We will furthermore
conduct robustness tests by training our algorithms on both spot and future markets with
underlying commodity or currency assets, and evaluating different results.

Following results of Urquhart (2016) as well as empirical evidence on the matter be-
yond the question of Bitcoin’s classification (Sturzenegger, 1992), we furthermore build
our model considering a time dimension and under the assumption that classifications can
change over time, and thus will provide evidence on the development of Bitcoin’s classifi-
cation and efficiency in regards to acting as a currency over its lifetime.

Another question we will try to answer is concerned with features identified to differen-
tiate both classes, both in previous research and through other observations. In particular,
we consider volatility to be a case of the latter, as we are not aware of recent research test-
ing for significant differences in the volatility of commodity and currency markets, apart
from anecdotal evidence from research focused on different questions (Calvo and Reinhart,
2000). This question, however, is highly relevant for our research as volatility is often stated
to be a hindering feature of Bitcoin as a currency (Yermack, 2013). We thus will provide em-
pirical evidence of such features being what actually differentiates both classes, as well as
if other effects have more importance in determining the classification of an asset.

While the problems discussed above, and in particular our core question of classifying
Bitcoin, might seem rather trivial at first, there are several very important questions and
policy implications related to it and especially our chosen approach.

Firstly, as mentioned above, our model will provide further evidence for the question if
commodities can be considered as one group of assets, specifically in regards to precious
metals (Batten, Ciner, et al., 2010). If the commonly-held view is true that precious metals
can be considered as one asset class, then our algorithm should be able to properly predict
out-of-sample precious metals and currencies as such with a considerable high degree of
accuracy, and features should be the same or very similar across commodity baskets. A
similar logic applies for the more general question of commodities as one asset class in
general, as we would expect a similarly high predictive power of an algorithm only trained
on precious metals for out-of-sample commodities, if they can be considered to be part of
one asset class.
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Secondly, there are other cases besides Bitcoin where the classification is uncertain or
which exhibit features of another asset class, for example commodity currencies, which of-
ten are considered to be heavily driven by factors influencing commodity markets (Cashin
et al., 2004). Other examples are carbon credits and emission markets, which have been
compared to currency systems (Button, 2008), and the Somali Shilling, which has been di-
rectly compared to Bitcoin due to sharing a set of unique economic features with it for a
long period of time (Luther and White, 2011). Our algorithm would be able to show to
which degree these assets follow dynamics typically associated with commodity or cur-
rency markets, thus providing valuable evidence for policy makers as well as economic
theory in regards to these assets. In this context, we would additionally provide evidence
on theories such as that of synthetic commodity money (Selgin, 2014) regarding the market
dynamics of such assets.

Thirdly, we expand on the literature of macroeconomic dynamics for both asset classes
by providing further and recent, post-crisis evidence of the features driving and differ-
entiating both classes. Additionally, while explicit discussions of the difference in price
dynamics between some currencies and commodities exists, for example Baur and Lucey
(2010a) and Sari et al. (2010), few papers have put a focus on this question in a broad context
as we do, despite the potential implications on policy making and hedging.

Fourthly, our model can easily be expanded to other asset classes due to using nothing
but data available from public markets and primarily considering price-driven features. A
slight modification of our algorithm could, for example, be used to differentiate between
different groups of stocks or bonds, yielding important implications on hedging and help-
ing to identify assets with considerably different macroeconomic price drivers.

Fifthly, in addition to economic implications, we provide a methodological extension
and new application of both time series classification methodology and machine learn-
ing in finance and economics, in particular regarding recently developed SVMs. Despite
their strong predictive results, usage of SVMs is still relatively scarce in financial literature
compared to other similar model approaches, including ANNs. Additionally, we combine
estimates from econometric time series models, namely ARFIMA methodology, with those
algorithms, which, to our knowledge, has also seen little attention in econometric literature
despite a considerably large number of potential use cases. We think that machine learning,
and especially hybrid or time series classification models using both methods from artifi-
cial intelligence and classical econometrics, offer highly potent tools for researchers, with
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lots of untapped potential yet to be explored. As other studies with similar approaches
have shown, machine learning has furthermore been useful in various decision making
processes by lowering costs, improving efficiency and providing an automated estimation
in parallel with the subjective views of analysts or policy makers (Varian, 2014).

Finally, due to the implemented time dimension of our model, there is another impli-
cation for both policy makers and businesses. If our results indeed show an inclination
towards currency by the Bitcoin market, as implied by some recent evidence (Urquhart,
2016), previous policy decisions treating and taxing Bitcoin as a commodity are an incor-
rect assessment and thus should be reconsidered. Vice-versa, if no change can be observed
or it is even closer to a commodity than it used to, policy makers who decided on treat-
ing Bitcoin as a currency might need to reconsider. Another party concerned with Bit-
coin’s status in this context would be businesses. Many larger businesses started accepting
Bitcoin in the last few years, of which a large number uses third-party services, such as
Coinbase, to conduct payments. This can be interpreted as hedging against Bitcoin high
volatility, as many of these service providers take care of directly converting the Bitcoin
payment to another currency and paying it out to the business. Thus, these businesses will
be concerned with Bitcoin’s recent market movements being more associated with foreign
exchange markets, since price stability could dictate whether they would continue using
such third-party service or directly accept Bitcoin. If they decide to keep the Bitcoins with-
out using a third-party service, they would furthermore be interested in the policy market
decision on taxation, as it has different implications for them.

1.3 Research methodology and scientific approach

Our general methodological approach mostly follows the suggestions and approaches dis-
cussed by Saunders et al. (2009).

We follow a deductive research approach and construct a simple model following the
theory of synthetic commodity money laid out by Selgin (2014) as well as past evidence
on macroeconomic drivers of commodity and currency markets and Bitcoin. In particular,
we firstly evaluate precious evidence of both macroeconomic drivers of these markets pro-
posed by scholars, specifically in recent literature. Based on this and corresponding theory,
we derive a number of hypotheses implied by past evidence. Secondly, we construct a
number of features based on this evidence to make our hypotheses testable, and construct
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models that incorporate these features to classify the degree of a given asset to which it cor-
responds to either a commodity or currency. We then apply and analyze these models to
predict Bitcoin’s classification as well as to evaluate our other hypotheses. This modeling
methodology and approach is largely based on past applications and classification prob-
lems from economics, i.e. bond rating classification, and other fields of science making use
of machine learning methodology, and has been adapted for the problem at hand. The re-
search philosophy adopted by us is that of positivism, as originally laid out by Burrell and
Morgan (1979) and since commented on and adapted by many scholars. We do not take a
former stance on the nature of Bitcoin based on our own subjective beliefs, or even claim
that our proposed algorithm will yield results that support differentiating of asset classes
being possible at all, and purely derive hypotheses as well as our model approach based
on past data evidence. We furthermore provide a fully replicable data collection process as
well as results through the code provided in the appendix.

Lastly, our study can best be described as an explanatory study based on quantitative
data and evidence that has elements of both cross-sectional and longitudinal studies (Saun-
ders et al., 2009). We try to explore underlying dynamics of either commodity or currency
markets from a purely market-focused view and try to derive features that explain the
class of one asset without any prior knowledge of non-market features, i.e. usage outside
of the underlying asset outside of financial markets. It must again be emphasized that
our training as well as initial modelling will be cross-sectional and assume the class over
a given time horizon to be not fixed, or to generally be a function of a longer time series
process. We thus will, next to an overall classification, graph the change of a given asset
class over time with Bitcoin and the other classes in our study. Finally, we will provide
further evidence the validity of our results by conducting several robustness tests both on
initial assumptions taken as well as potential sources of bias.

1.4 Outline

The remainder of the thesis is structured as follows. Firstly, we will provide a review of
the three major fields of literature related to this thesis, in particular empirical research
and economic assessments of Bitcoin (as well as a short review of other related classifica-
tion problems), recent evidence for the dynamics of commodity and currency markets, and
past applications of machine learning to financial and economic questions. Secondly, the
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evidence and past literature implications on the topic will be evaluated critically, followed
by the derivation of a number of hypotheses in regards to our research question, includ-
ing the general question of being able to identify potential differentiation features. Thirdly,
we are going to present a simple model based on the theory presented as well as the clas-
sification question of Bitcoin. Fourthly, a detailed review of the underlying ideas behind
SVMs and ANNs is presented. Fifthly, we provide a review of our data and methodology,
as well as detail the chosen features and expected effects in the context of our hypothe-
ses. Sixthly, results will be presented in a two-fold approach, beginning with the logistic
regression results focusing on the significance of individual features on differencing both
classes as well as several robustness test, followed by the results of the machine learning
model specifications with a focus on prediction performance and corresponding results for
the classification problem of Bitcoin. Lastly, we discuss the results and conclude this thesis
with a discussion of potential further research implications, limitations encountered, and a
summary.
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2 Classification of commodities and
currencies

2.1 Literature review

2.1.1 Economic theory and properties of Bitcoin

Bitcoin, as originally proposed by Nakamoto (2009), has several core economic properties
differentiating it from standard fiat currencies. A detailed theoretical review of dynamics of
the Bitcoin economy is given by Dwyer (2015), while Wiseman (2016) and Yermack (2013)
provide overviews of its history.

Bitcoin is intended to be decentralized, implying a given governing body would not
be able to enact usual economic policies, i.e. to introduce new money into the economy.
Instead, new Bitcoins are generated through the so-called proof-of-work, or mining, pro-
cess, which has led to comparisons with precious metals (Maurer et al., 2013). Inflation
expectations thus are well known to market participants in advance. Furthermore, this sys-
tem elevates electronic interactions using monetary values through Bitcoin to a level most
comparable to cash payments using regular currency. One implication of such a system
are lowered transaction costs due to no financial intermediary being necessary (Wiseman,
2016). Another implication is that Bitcoin’s exchange rate should be purely driven by de-
mand and supply. Based on this, some authors have recognized the theoretical roots of
Bitcoin being in the Austrian school of economics, in which a leading idea is that monetary
policy will mostly cause negative long-term effects as well as that monetary policy should
not be monopolized by governing bodies (European Central Bank, 2012).

Further currency units are created through a process called mining based on a peer-to-
peer (P2P) network of computers, who also provide the infrastructure of the system in the
process. The overall Bitcoin supply is fully predictable and capped at 21 million, which
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makes Bitcoin a deflationary currency in the long-run (European Central Bank, 2012). As-
pects of this property are acknowledged through the introduction of highly divisible cur-
rency units. However, the long-term economic implications of such a system have been
criticized by Yermack (2013), who proposes that the long-run deflationary behaviour of
Bitcoin would lead to it causing problems due to the inability of monetary policy to adapt
to overall economic growth, an issue which is also recognized by other authors such as
Selgin (2014), Iwamura et al. (2014) and Bouoiyour and Selmi (2015). However, as further
recognized by the European Central Bank (2012), this weakness would only realize if Bit-
coin demand would grow to a much higher level than given at the moment, where markets
are considered to be still highly illiquid.

The mining system also provides its participants with income based on collecting trans-
action costs, which provide users with faster processing times of their transactions. Based
on this property, Dowd and Hutchinson (2015) identify a natural monopoly in the mining
economy of Bitcoin caused by the high degree of specialization and economies of scale for
miners, and high barriers of entry for new competitors due to highly specialized mining
equipment becoming necessary. As the competition of the mining system is a core me-
chanic of Bitcoin’s overall aspect of decentralization, this is identified as a fatal flaw in the
long-run as Bitcoin will effectively become equivalent to centralized commercial systems
and face pressure to increase transaction costs above levels of other commercial digital
payment systems.

A different competition-based perspective considering other cryptocurrencies has in-
stead been provided by several authors. Halaburda and Sarvary (2016, ch. 4) consider other
cryptocurrency systems, such as Ethereum, in their analysis, discuss competition between
them, and emphasize their uses of the Blockchain platform, which often adds additional
utility on top of the transaction ledger functionality of Bitcoin, for example smart contract
systems. This effectively gives cryptocurrencies properties of utility on top of their usage as
a pure unit of account. A similar perspective has also been discussed by White (2014), who
in addition discusses commodity-backed cryptocurrencies. Two major fundamental value
drivers are recognized, namely a psychological aspect and a real demand for the underly-
ing monetary system of cryptocurrencies. Brezo and Bringas (2012) provide a discussion of
the concept of cryptocurrencies in general and mention high complexity of the market as
well as a strong demand for illegal and black market use cases as potential issues.
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Besides such high-level analyses, only recently a considerable body of quantitative re-
search has emerged investigating the macroeconomic forces behind the Bitcoin price find-
ing process. Yermack (2013) measured correlations with a number of other currencies as
well as gold and concluded almost no significant interactions, implying risk hedging prop-
erties of Bitcoin to be near infeasible. This finding is supported by both Kristoufek (2015)
and Bouoiyour and Selmi (2015), who furthermore identify speculation as a major force in
driving the Bitcoin price. A more positive stance is taken by Baur, Hong, et al. (2016) who,
despite similar findings regarding correlations, still consider Bitcoin to exhibit properties
of a good hedge against market movements.

Additionally, Kristoufek (2015) identifies supply and demand as contributing factors,
while Bouoiyour and Selmi (2015) identify some significant correlations with the Chinese
stock market index, assumed to be channeled through the increased exposure of Bitcoin
through the Chinese media as well as several dominating exchanges in the region, i.e. Ok-
Coin. Nearly every author, in addition, recognizes Bitcoin’s high volatility, which even
exceeds that of commodities such as gold (Yermack, 2013). Similarly, Ciaian et al. (2016) in
a broad analysis of macroeconomic factors identify three primary sources of price finding
in Bitcoin, namely supply and demand, attractiveness for investors, and global macro-
financial development. While they find little evidence that macroeconomic factors, such
as the stock market, are long-term price drivers of Bitcoin, they observe some significant
effects in the short-run.

2.1.2 The classification problem of Bitcoin

Besides more general analyses of Bitcoin, several cases have been made for it to be either
currency or speculative asset by numerous scholars and institutions arguing from different
perspectives.

Glaser et al. (2014) and Yermack (2013) provide a broad discussion of the economic ideas
of Bitcoin as well as the history, while Nakamoto (2009) in the Bitcoin white paper discusses
technical as well as economic foundations and motivations. Before providing a detailed
discussion on scholarly examinations and theories of these matters, we want to provide a
quick overview of recent rulings on Bitcoin to provide evidence for the controversy of this
question and potential importance regarding policy making.
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In September 2015, a ruling by the US Commodity Futures Trading commission (CFTC)
decided that Bitcoin trade must comply with the Commodity Exchange Act (CEA), effec-
tively making it a commodity under United States Law (CFTC, 2015). This strengthened
the view of the IRS on the matter, which considers Bitcoin as a commodity under tax law
(Wiseman, 2016). In February 2016, this ruling was further strengthened by several highly
observed cases that involved Bitcoin in the US, in both instances where Bitcoin was ruled
to be more similar to a property in contrast to a unit of account (CoinDesk (2016), The
Guardian (2016)).

On the other hand, in October 2015 - just one month after the CFTC ruling - Europe’s
court of justice ruled that Bitcoin exchange is exempt from VAT, effectively putting it under
the same tax law as currencies (Court of Justice of the European Union, 2015). This ruling
puts the EU regulation in direct contrast with that of the United States.

It must be noted in this context, however, that not all governing bodies within a region
might agree on one resolution of this question. Within the EU, rulings previous to the one
laid out in 2015 came to different results, with i.e. Germany considering Bitcoin to be a
commodity under tax law and the United Kingdom considering it as a currency (Global
Legal Research Center, 2014). Furthermore, the ECB makes a case of considering Bitcoin
not as money as defined in the literature (European Central Bank, 2015). It still is evident
that the matter of how Bitcoin, and cryptocurrencies in general, are to be treated is an open
question.

Broadly speaking, the field of the classification issue of Bitcoin in academic literature
can be divided into two schools of thought, namely those arguing in regards to the legal
and conceptual perspective and those who discuss its economic properties.

The legal and conceptual perspective is mostly concerned with taxation issues and its
effects on actual users of Bitcoin. Wiseman (2016) discusses the decision of the IRS to tax
Bitcoin like a property instead of like a currency. The strong volatility of Bitcoin is dis-
cussed as being caused by no backing of the currency, as Bitcoin prices are entirely driven
by demand and supply. It is also argued that Bitcoin’s current taxation scheme favors in-
vestors over its actual users, as well as the impracticability of enforcing the current taxation
scheme due to its user’s anonymity. They also argue in favor of Bitcoin as a currency based
on overall high network traffic, implying a considerable number of users. Kaplanov (2012)
also presents a case in favor of Bitcoin as a currency, and argues from its comparable prop-
erties to cash in not involving any third-party during transactions. While its high usage
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for illegal activities is recognized as problematic, it is also argued that the public ledger
property given by the Blockchain provides a strong tool to prevent and counteract such is-
sues. Potential policies to prevent Bitcoin trade, in case of a ruling making it illegal, are also
presented, recognizing several problems concerning such a process. Lastly, a broad anal-
ysis across the legislation of several countries has been provided by Bollen (2016). Three
regulatory issues overlapping with the analysis of Wiseman (2016) are recognized, namely
financial services, specific banking and currency regulation and legal tender in general.

Bjerg (2016) approaches Bitcoin on a more conceptual level. They recognize three the-
ories of money, namely commodity-based, fiat money and credit, however argues Bitcoin
lacks properties to fit perfectly within any of the three definitions. A common critique
of Bitcoin, namely that it might be a Ponzi scheme in the long-run, is aso recognized but
compared with fiat currencies which are completely based on trust with the corresponding
government. A similar analysis is provided by Maurer et al. (2013). Bitcoin is compared
with regular commodities, in particular precious metals, and trust is identified as an im-
portant factor in its success.

The economic perspective generally dismisses Bitcoin’s properties as a currency based
on its high volatility. Yermack (2013) provides an argument based on Bitcoin’s volatil-
ity compared to regular currencies and disregards its viability based on this notion which
makes it undesirable as a unit of account and medium of exchange. However, as noted by
Dwyer (2015), Bitcoin’s volatility at its lowest points is less than the highest volatility of
foreign exchange rates or gold. A more positive analysis is provided by Polasik et al. (2015)
from the perspective of merchants using Bitcoin for transactions. A major issue of Bitcoin
as a currency, next to previously identified issues of liquidity and volatility, is recognized to
be the legal perspective, while its currency functions are observed as overall price drivers.
However, important news are also recognized as important during the price finding pro-
cess, implying speculation might be motivated by expectations of Bitcoin becoming a more
widely accepted currency in the long-run. Iwamura et al. (2014) provide an analysis of pol-
icy schemes aiming to stabilize the Bitcoin price. He concludes that Bitcoin is an interesting
prototype, but with considerable flaws, and thus does not consider central bank money at
risk of being replaced. Lastly, a governance-focused review is provided by Weber (2016),
who recognizes the lack of any functional monetary policy or governing mechanisms as a
huge flaw and argues Bitcoin fails to provide tools concerning macroeconomic functions of
money beyond being means of value transaction.
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In this context, it must be pointed out that several authors explicitly compare Bitcoin
to commodities, in particular precious metals (Yermack (2013), Baur, Hong, et al. (2016),
Maurer et al. (2013)). Of note is the analysis of Gronwald (2014), who compares Bitcoin
with both gold on an economic and conceptual level, as well as oil during the late 80s and
early 90s in light of several macroeconomic shocks driven by speculation, while also recog-
nizing a dominance of extreme price movements and Bitcoin’s unique scarcity property. In
this context, a related and important theoretical perspective is provided by Selgin (2014),
generalizing the idea of Bitcoin to a theory of synthetic commodity money. The similarity
between synthetic commodity and fiat monies is that they do not have any non-monetary
value. The difference, however, results from the processes through which fiat and synthetic
commodity monies become scarce, causing synthetic commodity monies to share a char-
acteristic of commodities. As fiat money can be produced at no or negligible cost, it is not
naturally scarce, and requires an authority to control its volume, thus only being contin-
gently scarce. On the other hand, as opposed to fiat money, synthetic commodity money
does not need a controlling authority because they are naturally scarce, as they have to
be produced at an increasing marginal production cost. It is also recognized that Bitcoin,
as a case of such an asset, still has weaknesses, however. Another mixed and somewhat
conflicting perspective has been provided by Halaburda and Sarvary (2016, Chapter 4) and
White (2014), both recognizing similar commodity properties in other cryptocurrencies,
but also additional utility through the Blockchain network in general, invalidating the idea
of no nonmonetary usage of cryptocurrencies.

Quantitative analyses focusing on the classification issue are rather scarce and only
emerged recently. Urquhart (2016) tests Bitcoin for efficiency during two sub-periods, with
a cut in August 2013. They find lower volatility1 as well as other evidence of increased
market efficiency in the later period, as well as evidence of negative long dependence, and
compare this property with those of currencies of emerging economies. Furthermore, no
evidence of auto-correlation in its returns has been identified. Glaser et al. (2014) approach
the classification issue from the perspective and intentions of Bitcoin users by comparing
Blockchain network transactions, and thus actual usage of Bitcoin as a currency, with vol-
ume as well as the impact of news on the price from a user’s versus an investors perspec-
tive, and conclude that Bitcoin’s users consider it largely to be a speculative asset. Lastly,
Baur, Hong, et al. (2016) analyze correlations of Bitcoin with a number of other asset classes,

1This matches up with recent non-academic observations of Bitcoin’s volatility decreasing (The Wall Street
Journal, 2016).
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including precious metals and the overall stock market, and finds close to no correlation
evidence. Several use-cases in line with other literature are identified, however it is again
assumed that its volatility poses a considerable barrier for its usage as a currency. It is con-
cluded that Bitcoin shows rather unique properties, rather than fitting perfectly well into
either category.

2.1.3 Commodity currencies and other related cases

While Bitcoin might be the most well-known and recent case of a classification issue, other
cases have been put forward in the literature where a strong link of currencies as well as
other asset classes has been identified.

Firstly, there is a vast body of literature on so-called commodity currencies and their in-
teractions with commodity markets. Such currencies, while in terms of policy free-floating,
are highly correlated with movements in commodity markets, and particularly commodi-
ties associated with the corresponding economy. Some of the most well-known and well-
studied examples of commodity currencies are the Norwegian Krone (NOK), the Canadian
Dollar (CAD), the Australian Dollar (AUD) and the New Zealand Dollar (NZD) (Cashin et
al., 2004), but less researched examples, such as the Icelandic Krona (Kallestrup, 2008) have
been identified as well. While clearly defined as a currency and accepted as such by a
government, evidence on the exact pricing mechanics of such currencies is mixed. Studies
identify common dynamics of both markets, (Y.-C. Chen and W. Lee, 2011), that exchange
rates drive associated commodity prices (Clements and Fry (2008); Y.-C. Chen, Rogoff, et
al. (2008)), or even the reverse (Cashin et al., 2004). This might imply that dynamics are
not universally shared across the class of commodity currencies or that dynamics changed
over time, as for example also implied by Cashin et al. (2004). A theory explaining those
links, and how they are consistent with PPP, has for example been provided by Bjørnland
and Hungnes (2005).

Secondly, a considerable body of literature exists regarding so-called carbon permits
and emission trading as currency instead of commodity. Button (2008) presents the need
for the government to find a common legal framework as the derivatives market for car-
bon permits is expected to grow. He draws a comparison to currencies and recognizes that,
similar to a currency, carbon permits are worthless if they are not recognized by the gov-
ernment, as opposed to characteristics of commodities that possess non-monetary utility.
Similar discussions and comparisons has been provided by Victor and House (2004). To



Chapter 2. Classification of commodities and currencies 16

our knowledge, however, an economic analysis of emission trade in a currency framework
has not been conducted yet, though the market’s fundamental price drivers have been an-
alyzed several times, for example by Gronwald et al. (2011).

Lastly, some recent literature has considered another related case, namely the Somali
Shilling. From the early 90s up to August 2012, control of its currency supply has been pri-
vately controlled, leading to a self-governing institution (Luther, 2015). Luther and White
(2011) draw a direct comparison to Bitcoin as well as the model of synthetic commodity
money (Selgin, 2014), due to scarcity of the currency while having no non-monetary utility.

2.1.4 Interdependence of commodity and foreign exchange markets

Currencies and commodities used to be connected quite closely. Countries have been fol-
lowing a gold standard regime as late as the early 2000s, in the case of Switzerland (New
York Times, 1999). Most notable in this context probably is the gold standard that was
in place in the US until the 70s, during which the US Dollar was backed by gold and ef-
fectively was interdependent with its price (Yermack, 2013). Recently, however, a large
number of currencies adapted floating currency exchange rate regimes, implying the value
of a currency relative to other currencies is largely driven by demand and supply (Calvo
and Reinhart, 2000).

Recently the topic of linking commodities and currencies has gained some new atten-
tion. Besides the cases discussed above, other more conceptual discussions have been pro-
vided by scholars. Gogerty and Zitoli (2011), for example, propose and analyze the idea
of an electricity-backed currency system as an alternative to classic commodity-backing
and consider a portfolio of electricity-backed assets. They furthermore criticise classical
commodity-backed currencies for their volatility, in particular gold.

While, to our knowledge, the difference of volatility between currency and commod-
ity markets, as implied in discussions of Bitcoin’s viability as a currency (Yermack (2013),
Wiseman (2016)) has not been the explicit topic of a study in the recent past, several schol-
ars have provided evidence for it to be different. Calvo and Reinhart (2000) identify higher
commodity volatility than the corresponding exchange rate they are priced in would im-
ply and link this observation to a higher degree of intervention than a pure float would
imply. In many contexts and among some financial institutions higher volatility and lower
liquidity in commodity markets is also considered to be a fact (Comptroller of the Cur-
rency Banking Circular 277, 2012, p. 19-20) It is also of note that volatility spillover effects
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of different asset classes has been well documented, as for example by Diebold and Yilmaz
(2012) for the period following the financial crisis.

Many authors also have identified a strong correlation of gold prices and currency ex-
change rates, such as Pukthuanthong and Roll (2011), Sjaastad (2008), Tully and Lucey
(2007) and Capie et al. (2005), in many cases implying a negative relationship and thus de-
sirable hedging properties. Of note here is that similar links have been observed in Bitcoin
as well, albeit mostly with mixed evidence. As discussed in the sections above, evidence,
albeit only in the short-run, has been found by Ciaian et al. (2016), while on the other hand
Yermack (2013) and Baur, Hong, et al. (2016) have not been able to identify such a rela-
tionship at all. As pointed out by Ciaian et al. (2016) regarding a previous study, however,
this might be caused by different methodogies as well as, as evidenced by Urquhart (2016),
changes in Bitcoin dynamics over time.2

2.1.5 Dynamics of commodity prices

Several general and theoretic properties of commodity markets have been discussed and
a considerable number of models has been proposed. Important recent work includes, for
example, Deaton and Laroque (1992), E. Schwartz and Smith (2000) and Pindyck (2001).
Such models generally incorporate factors such as supply and demand, inventory costs, as
well as market-specific features. Furthermore, several authors discuss the theoretical differ-
ences between future and spot markets, in particular Black (1976), who modelled commod-
ity futures using a version of the Black-Scholes model, as well as Gorton and Rouwenhorst
(2004), who determines that, in theory, expected spot price movements should not be re-
flected in the future price and that the price difference of both instruments can be primarily
traced to a risk premium driven by unexpected spot price changes. They also claim that fu-
tures do not provide a direct exposure to commodity prices. However, other authors, such
as Y.-C. Chen and W. Lee (2011), discuss advantages of future markets in economic studies
due to their high liquidity, frequency, and accessibility to investors in contrast to spot mar-
kets. Additionally, some authors identify high correlations of spot and future prices, such
as Sjaastad (2008) for gold.

2It must be emphasized that the research field of Bitcoin price formation still is a young one, with few
studies applying advanced econometric models. For example, recent research in the field of gold is mostly
trying to identify exchange rates as price drivers of gold through co-integration and trying to identify long-
term relationships, while Bitcoin research (with the notable exception of Ciaian et al. (2016)) has mostly
focused on short-run cross-relationships through estimating correlations.
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Empirically, it has been observed that commodity prices experienced a sharp price in-
crease pre- and post-crisis (Piot-Lepetit and M’Barek, 2012, ch. 3). At the same time, prices
have been moving less leptokurtic during the crisis than any other period (Piot-Lepetit
and M’Barek, 2012, ch. 8) as well as have been less volatile (Vivian and Wohar, 2012),
both implying anti-cyclic properties of commodity markets. Academic research on com-
modity pricing and market dynamics in recent years beyond such observations has mostly
focused on two areas: excess co-movements and price and volatility persistence through
long-memory and ARCH effects, often in an interconnected context and with implications
of considering certain commodities as one or separate asset class with their own dynamics.

Firstly, excess co-movements of commodities have originally been identified by Pindyck
and Rotemberg (1990). Since then, commodity co-movements have been observed across
many different settings and model specifications, with several proposed explanations. Tang
and Xiong (2010) observe a wider set of commodity futures linked to the S&P GSCI com-
modity market index, and identify a considerable increase in correlation since the early
2000s. Piot-Lepetit and M’Barek (2012, Ch. 3 and 8) observe similar phenomena, especially
in energy prices. In this context, oil is often used as a predictive variable due to its promi-
nent role in the commodity market. Saghaian (2010), for example, finds correlations of oil
returns and agricultural commodities, while Ji and Y. Fan (2012) observe volatility spillover
effects of oil to non-energy commodity markets, which have increased since the crisis. Ad-
ditionally, Du et al. (2011) observe similar effects on agricultural markets during a similar
time period, in addition to increased correlations. Further evidence has been provided by
Choi and Hammoudeh (2010), who identified correlation increases following the 2003 Iraq
war, as well as by Tang and Xiong (2012) who also observe higher price volatility of non-oil
commodities that are part of the S&P GSCI commodity market index during 2008.

Similarly, Marshall et al. (2013) also identify evidence of liquidity commonality across
commodity markets, with increasing effects from 2003 onwards. However, results of Daskalaki
et al. (2012) find no common method to price commodity-specific liquidity risk across sev-
eral unrelated assets within this class, implying that such homogeneity might not exist.

To our knowledge, there is no consensus on the actual cause of co-movements. As
shown by Y.-J. J. Zhang and Y.-M. M. Wei (2010), co-movement seems to be initiated by
commodities considered to be the overall market leader of this asset class, i.e. oil. Two al-
ternative explanations are proposed by Piot-Lepetit and M’Barek (2012, Ch. 3 and 9), who
consider model misspecifications and thus spurious co-movements instead of an actual
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economic properties, as well as transportation and similar concerns when mainly consid-
ering energy prices as drivers of co-movement effects.

Secondly, a vast body of long-memory analysis, i.e. long-term dependence and self-
similarity of a stationary time series, for many commodity markets exists, though primar-
ily for volatility over time and less evidence for returns. Choi, Yu, et al. (2010) show that oil
and refined products in both spot and future markets provide evidence of long-memory,
but at varying degrees. Baillie et al. (2007), on the other hand, study a wider set of com-
modity futures from 1980 to 2000 and find that their volatility can be well modelled by a
fractionally integrated GARCH model, and furthermore recognize that the long-memory
parameter is approximately similar across commodities as well as robust. A similar re-
sult has been derived by Ray and Crato (2000), who fail to identify long-memory in future
commodity returns, but instead for volatility during a similar time period.

Another large body of commodity literature discusses interactions of markets with
several macroeconomic variables, and in particular if commodities exhibit anti-cyclic be-
haviour. Büyükşahin et al. (2010) discuss short-term co-movements of stock and commod-
ity markets, and identify increasing correlations during periods of bear markets. Generally,
those correlations are identified to be negative, however during periods of low returns for
both asset classes correlations tend to turn positive instead, an effect specifically observed
during the recent financial crisis. This, however, stands in contrast with findings by Silven-
noinen and Thorp (2013), who observe increasing positive correlations of bond and stock
markets with commodity futures during the post-crisis period. As the authors emphasize,
however, their methodology differs considerably from previous models, in that they em-
ploy a recently developed DSTCC-GARCH model. In contrast to both these results, Creti
et al. (2013) observe correlations of commodities and stocks to be highly volatile since the
crisis, loosening long-term correlation links. Similar evidence has been provided by Gorton
and Rouwenhorst (2004), who identify negative correlations of stocks and commodities in
a long-term framework, but also observe a transition to positive correlations over certain
short-term periods. Lastly, Tang and Xiong (2012) have been observing positive correla-
tions of stock markets of emerging countries with commodity markets.

Effects of interest rates on commodities also have been discussed, for example by P. Hua
(1998), Akram (2009) and Belke et al. (2014), both who find a positive effect on commodity
prices following reductions in real interest rate levels. Chong and Miffre (2010) extends
the analysis to short- and long-term fixed income securities. While the short-term hedging
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abilities of commodities are once again confirmed, in the long-term no such effect has been
observed. Related to this, Fang et al. (2012) identifies a relationship between credit default
spreads of government bonds and gold during the financial crisis. Similar results have
been found by Gorton and Rouwenhorst (2004), who identify a negative relationship of
bond and commodity returns, as well as positive effects caused by realized and expected
inflation changes.

Other inherent features of commodity markets also have been discussed. Bryant and
Haigh (2004) discuss bid-ask spreads in commodity future markets, and, following recent
innovations in automated trading, which should lead to increases in market efficiency, they
observe widening spreads during periods of high market volatility, suggesting an inher-
ently different market structure compared to other financial markets. Marshall et al. (2012)
identify a similar correlation of volatility and liquidity through trading costs, as well as
considerable differences between different commodity sub-classes. In particular, precious
metals and energy commodities are observed to have lower trading costs than livestock
and agricultural markets. In this context and comparable with findings by Calvo and Rein-
hart (2000), Cuddington and Liang (1998) identify volatility of commodity markets to be
higher in floating exchange rate regimes. In regards to volatility persistence, Brunetti and
Gilbert (1995) observe commodities from 1972 to 1995 and found overall stable volatility
effects, with periods of high or low volatility only persisting in the short-term. Similarly,
Hammoudeh et al. (2010) observed persistent volatility effects in industrial metals. Finally,
in a more economic framework, Vivian and Wohar (2012) identifies simple forces of supply
and demand as additional volatility drivers.

2.1.6 The precious metal market and homogeneity of commodities

A large academic focus has been put on gold and, more broadly, the precious metal market
due to its strong historical association with exchange rates and currencies. Their theory
and market dynamics thus warrant a separate discussion due to its high significance for
our research and common comparisons to Bitcoin, as discussed above.

Levin et al. (2006) constructs a theory and model to determine the short- and long-term
driver ans dynamics of the gold price. Based on a large number of macroeconomic factors,
they identify, among other variables, US inflation levels, world income, corporate credit
risk, and price levels to have significant effects. Similarly, an analysis by Tully and Lucey
(2007) also identifies CPI, interest rates and T-Bill rates as price drivers. Cheung and Lai
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(1993) study long-memory properties in gold returns and find significant evidence over
their whole sample period, but not within sub-periods, which might be due to structural
breaks or similar effects causing spurious measurements. Following these results, Arouri
et al. (2012) conduct a long-memory study of precious metals in general while controlling
for structural breaks during the crisis, and identify non-spurious long-memory effects in
both volatility and returns. In the context of volatility, Hammoudeh et al. (2010) identify
calming effects of positive oil price shocks and rising interest rates, as well as sensitivity
of gold and silver to inflation and crisis shocks, which matches evidence from the overall
commodity market described above. An analysis of Batten, Ciner, et al. (2010) furthermore
investigates and identifies significant effects of stock markets outside the US as well as
yield spreads on precious metal volatility. In a related context, G. Wang and Yau (2000)
study the interdependence of the volatility, bid-ask spread, and volume in precious metal
markets. Matching research described above, they identify a high positive correlation of
the former two features, while the latter two exhibit a negative relationship.

A hedging-oriented analysis against a large number of assets is conducted by Baur and
Lucey (2010a), and identifies good properties against stock movements. However, conflict-
ing previous evidence on the overall commodity market, the correlation of both assets is
only found to be negative in the short-term. A similar "safe haven" property of gold, and
precious metals in general, has been identified by Creti et al. (2013) and Chong and Miffre
(2010).

As with other commodities, precious metal markets also exhibit considerable co-movement
effects, though notably with mixed evidence within the sub-class. Y.-J. J. Zhang and Y.-M. M.
Wei (2010) identify significant correlations through a co-integration analysis of gold and oil
prices from 2000 to 2008, including evidence that oil has a larger influence on overall com-
modity markets than gold.

Following this discussion, an emerging question discussed by several scholars has been
if commodities as a whole can be considered as one asset class at all. Most scholars, includ-
ingDaskalaki et al. (2012), Vivian and Wohar (2012) and Creti et al. (2013), identify common
market features but also considerable differences, leading them to conclude that one asset
class for commodities is too broad a definition. On the other hand Gorton and Rouwen-
horst (2004) finds time-varying effects of correlations across commodities, but also identify
that Sharpe ratios have been similar historically.
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Even within more tightly defined classes this is a considerable topic of discussion, es-
pecially considering precious metals, with a tendency towards different dynamics domi-
nating certain assets. Ciner (2001) finds evidence that the relationship of gold and silver
disappeared over time, analyzing a data set from 1992 to 1998. However, the latter re-
sult is contested by Lucey and Tully (2006), who find a significant long-term co-movement
relationship between the two assets, though with stability issues for some periods.

Sari et al. (2010) identifies strong co-movements between precious metals, while consid-
erable differences are also identified in the fundamental price drivers, especially between
gold and silver, and platinum and palladium. Additionally, Hammoudeh et al. (2010) finds
evidence that precious metals are influenced in different ways by monetary policy, with the
highest sensitivity being in gold. However, high interdependence in price volatility is also
identified, implying that the metals still share some properties despite those differences.
Similar to this result, Batten, Ciner, et al. (2010), who research the macroeconomic determi-
nants of volatility in precious metal markets from 1996 to 2006, also suggest monetary vari-
ables to have an inconsistent impact across the four assets, with gold being significantly
influenced by it but silver showing no significant evidence. Furthermore, their analysis
indicates a considerable difference between gold, platinum and palladium markets that
implies only the latter two are used as financial market instruments.

2.1.7 Dynamics of exchange rates

In addition of a review of commodity markets, it is important to grasp the basic proper-
ties of the foreign exchange market to extract appropriate features that could potentially
differentiate them.

In contrast to commodities, foreign exchange rates have mostly been studied in the
context of macroeconomic models. A recent review as well as "revival" of such models,
which generally are not found to perform well empirically, has been given by Engel et al.
(2007).

Models of foreign exchange markets and exchange rate dynamics include the well-
known Lucas model (Lucas, 1982), linking currency markets to domestic macroeconomic
variables such as the interest rate, as well as Obstfeld and Stockman (1983) who links ex-
change rates further to prices, interest rates, and a multitude of economic variables.

Empirically, research tends to focus on a multitude of different factors and interactions
beyond such models. As mentioned in the commodity price dynamics discussion above,
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many researchers, among them Sjaastad and Scacciavillani (1996) and the follow-up pa-
per Sjaastad (2008), identify strong effects of floating-regime foreign exchange markets on
commodities, in particular gold. Ang and J. Chen (2010) examine local interest rate changes
and term spread effects on foreign exchange markets by and identifies highly significant
links, a finding also supported by Calvo and Reinhart (2000) who identify positive correla-
tions between exchange rates and interest rates. In contrast to commodity dynamics, some
researchers have found no evidence of interactions of exchange rates and stock markets,
for example Nieh and C. F. Lee (2001). Lastly, as found by Melvin and Taylor (2009), cri-
sis events have considerable effects on foreign exchange markets, somewhat matching the
sensitivity to news observed in the Bitcoin market (Iwamura et al., 2014).

A more policy-focused research has been conducted by Calvo and Reinhart (2000), who
find that self-proclaimed floating exchange rate regimes show less evidence of such a pol-
icy in place than one would expect. They conclude that most countries are more fittingly
described by a dirty float, with occasional government intervention in exchange rate poli-
cies being commonplace. Pindyck (2004) furthermore considers that floating exchange
rate regimes might be tempering with trade by causing arbitrage opportunities, however a
model constructed around this finds little empirical support.

Inherent features also have been identified by several authors, including ARCH effects
(Domowitz and Hakkio (1985); Andersen and Bollerslev (1998)), high degrees of market
efficiency through intraday volatility studies (Rhee and R. P. Chang, 1992), and low au-
tocorrelation of returns (and thus higher market efficiency) since the dawn of automated
trading (Chaboud et al., 2014). Similar to commodity research, evidence for long-memory
is generally mixed, with such effects being dismissed or doubted by Xu and Gençay (2003),
Batten, Ellis, et al. (2000) and Barkoulas et al. (1999), but supported by findings of Cheung
(1993) and Choi, Yu, et al. (2010).

Some research furthermore identifies links across foreign exchange markets, in partic-
ular in regards to liquidity commonality. Mancini et al. (2013), besides identifying high
variation in overall liquidity contrasting the common perception of highly liquid foreign
exchange markets, also find evidence for liquidity commonality, as well as market-wide ef-
fects of shocks not only limited to certain exchange pairs. Further evidence has been found
by Karnaukh et al. (2013), who finds such effects to be stronger among developed countries.
Mancini et al. (2013), while also finding corresponding evidence for intraday liquidity com-
monality, furthermore finds decreasing liquidity during the crisis, indicating effects caused
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by liquidity spirals. Some evidence not necessarily related to liquidity but more general co-
movement effects across exchange rates has also been found by Baffes (1994), who discuss
the matter in the context of market efficiency and with currencies denoted in the same base
currency.

2.1.8 Machine Learning and classification applications in finance and

economics

Applications of classification in economics and finance are comparatively uncommon, but
still impose a large body of scholarly work. A review of early research has been provided
by Wong and Selvi (1998), and a general overview of a model of classification applications
in finance has been proposed by Ederington (1985) and Barniv and McDonald (1999). Due
to the vast body of general classification problems, we will mostly focus on machine learn-
ing applications using ANNs and SVMs.

A general approach and overview of ANN applications for economic problems has been
provided by Kaastra and Boyd (1996). Early work in the field include those of Moody and
Utans (1992) and J. W. Kim et al. (1993), who both apply ANNs to the problem of bond
ratings. In addition to pioneering the important classification problem of bond ratings
through such techniques, J. W. Kim et al. (1993) apply other methods from econometrics
and showed that ANN performed at least as well or outperformed such other approaches.

Another common application concerns loans and company default risk, as for example
employed by Galindo and Tamayo (2000) for the case of mortgage loans. Finally, some
other and less-frequently encountered use cases include A. Fan and Palaniswami (2001),
who apply machine learning techniques for the problem of portfolio construction, as well
as Pérez-cruz et al. (2003) applying a machine learning algorithm to determine GARCH
model parameters.

Financial time series forecasting applications have also been widely documented and
make up another large field. Some of the early work includes that of Kohzadi et al. (1996)
who show that ANNs perform better than ARIMA when applied to live cattle and wheat
prices forecasting, Agrawal and Schorling (1996), who compare ANNs with multinominal
logit models, G.Peter Zhang (2003), who combines ARIMA and ANN models in a forecast-
ing problem applied on various datasets, including GBP/USD exchange rates, as well as
other general applications by Kuan and T. Liu (1995), Ahmed et al. (2010) and Olson and
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Mossman (2003), among many others. Forecasting problems are not just limited to public
markets and returns, however. Moshiri and Cameron (2000) apply and compare ANN and
econometric models for the case of forecasting inflation rates, and find similar or better
performance for the ANNs. Finally, of interesting note for our research is also the research
of Zhu and Y. Wei (2013) who employ SVMs and ARIMA models for forecasting carbon
prices, as well as O’Connor and Madden (2006) who forecast stock market returns using
commodity and foreign exchange data.

Recently, SVM models also drew some attention from researchers in the field of eco-
nomics, often with results even outperforming ANNs. Such models have been used for
bankrupty risk prediction (Min and Y.-C. Lee (2005); Shin et al. (2005); Ding et al. (2008);
Härdle et al. (2009)), credit and bond ratings (Y.-C. Lee (2007)), and forecasting (K.-j. Kim
(2003); X.-Y. Liu et al. (2009); Tay and Cao (2001b); Tay and Cao (2002)). In this context,
scholars also contributed and experimented regarding the performance of different ker-
nels on financial data. Cao and Gu (2002) and K.-j. Kim (2003) employ polynomial and
Gaussian kernels for their SVM models, reporting that the polynomial kernel giving worse
results and requiring longer time for training, while W. Huang et al. (2005) experiment
with multiple kernels in their credit rating data set and report that the RBF kernel achieved
better performance.

Several important hybrid and adapted methodologies also have been developed and
applied on financial and economic problems. Of particular note here is the work of W.
Huang et al. (2005), who apply both SVM and ANN models to the problem of forecasting
the direction of stock market returns and contribute through a comparable study of Asian
and American markets. Their reasoning for the usage of advanced AI methods includes
a detailed literature review that concludes that conventional statistical methods are gener-
ally outperformed by ANNs and other learning methods. Another notable approach has
been employed by Z. Hua et al. (2007), who introduce a hybrid model combining SVM
and logistic regression with the goal of predicting corporate bankruptcy. The logistic re-
gression result is used to validate that of SVM, with results outperforming the traditional
SVM approach. Simiarly, Pai and C.-S. Lin (2005) employ a hybrid ARIMA-SVM model
to firstly filter linear time series components and then explain the residual and potential
nonlinear aspects of the series using the SVM model, which they find to perform superior
to other tested approaches. Lastly, Cao (2003) and Y.-C. Lee (2007) provide examples of the
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important methodology of splitting the data set into training, cross-validation and valida-
tion sets. They also use a grid search to determine the best parameter choices of both SVMs
and ANNs.

While, as explained before, evaluating and interpreting the effect and importance of
individual features is generally considered to be a weakness of machine learning models,
compared to simple econometric methods, several methods to evaluate the effect of spe-
cific features have been developed and applied in the finance literature and beyond. Some
of these approaches are F-scores (C.-L. Huang et al., 2007), the Kolmogorov-Smirnov statis-
tic, and t-tests (Ding et al., 2008). In addition to the two last methods mentioned, Ding
et al. (2008) also employs stepwise logistic regression to determine whether features are
relevant in discriminating between distressed and non-distressed companies. In a non-
financial study, Biesiada and Duch (2005) additionally use a K-S statistic based measure to
evaluate the similarity between the distributions of the features and account for potential
redundancy.

Applications of ANN-specific measures in finance have, for example, been documented
by Z. Huang et al. (2004), using a measure introduced by Garson (1991). For compara-
tive purposes, Olden, Joy, et al. (2004) study the performance of various neural networks’
specific measures on non-financial data and report that the best and worst performing
measures were the connection weights and Garson’s measure, respectively. According
to their explanation, this can be due to the fact that the latter measure uses the absolute
weights whereas the former, originally proposed by Olden and Jackson (2002), uses the
raw weights, thus accounting for the opposite signs of weights coming in and out of a
hidden node.

2.2 Implications on classifying assets as currency or com-

modity

Deriving from this past research and well-developed body of academic literature on Bit-
coin, commodity and foreign exchange market dynamics, and previous applications of
classification models in economics, a number of hypotheses can be derived to test our
model and research question on, including the identification of some features that might
be of high importance in classifying Bitcoin and commodities and currencies in general.
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It firstly is important to recognize that past evidence points towards no significant long-
term correlation of Bitcoin with macroeconomic or, more generally, external, economic fac-
tors or even assets (Baur, Hong, et al. (2016), Yermack (2013)). While such trends have been
identified with both commodities and currencies, it would be moot in the context of our
research question to impose individual hypotheses based on these features specifically due
to no evidence regarding Bitcoin exhibiting any special behaviour in those regards. We
thus focus on internal features, where we indeed can identify two features that might be
expected to Bitcoin being classified closer to either asset class.

To start, there is considerable evidence of volatility being a differentiating factor of both
asset classes and almost unanimous agreement among scholars that it is an issue in Bit-
coin’s ability to act as a currency. Firstly, several scholars, for example Yermack (2013),
identify Bitcoin’s volatility to be significantly higher than other asset classes, and in par-
ticular other currencies. Second, some evidence exists that commodity markets generally
exhibit higher volatility compared to foreign exchange markets, as for example discussed
by Calvo and Reinhart (2000). In addition, we are not aware of explicit recent research
discussing this matter, i.e. identifying significantly different volatility between commodity
and currency markets across a broad definition of such assets.

We thus consider the matter of identifying the effect of volatility on the classification of
an asset as highly relevant to our research, and thus, based on this evidence, propose our
first hypothesis:

Hypothesis 1 (H1) a significant differentiating factor for commodities and currencies is the volatil-
ity of the asset, reflected through its standard deviation over the period.

Strongly correlated to volatility are market features related to liquidity, as for example
identified by Marshall et al. (2012) and Schäffler and Schmaltz (2009). This notion can
be argued to be highly relevant for our research as well, as Bitcoin markets have been
named as exhibiting low liquidity (Polasik et al., 2015), as well as a general assumption
being present that commodity markets are less liquidity than foreign exchange markets
(Comptroller of the Currency Banking Circular 277, 2012, p. 19-20). Furthermore, foreign
exchange markets, despite showing short-term volatility in this respect, have generally
been identified as being highly liquid (Mancini et al., 2013). Lastly, further evidence for
the importance of liquidity as a classification feature is presented by observed liquidity
commonality across both commodity (Marshall et al., 2013) and foreign exchange markets
(Mancini et al. (2013); Karnaukh et al. (2013)).
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An interesting aspect of liquidity is furthermore that the concept can be modelled through
different instruments. Schäffler and Schmaltz (2009) provide a general discussion, and
identify alternatives such as transaction costs, inventory risk, inventory costs, as well as
information asymmetries. We thus consider more than one liquidity instrument in our
research, and thus propose two sub-hypotheses, one reflecting transaction costs, as com-
monly measured through the bid-ask spread, and the other representing information inef-
ficiency

Hypothesis 2a (H2a) a significant differentiating factor for commodities and currencies is the liq-
uidity of the asset, reflected through the bid-ask spread.

Hypothesis 2b (H2b) a significant differentiating factor for commodities and currencies is the
liquidity of the asset, reflected through information asymmetries.

A requirement that needs to be fulfilled in order to show that there exists a measurable
separation between the two asset classes is to show invariance in regards to the trading
instrument through which the underlying asset is traded. In our particular case, and as
we will further explain in section 4.1.2, those different instruments are spots and futures.
Y.-C. Chen and W. Lee (2011) considers futures to reflect efficient market dynamics more
appropriately than spot commodity markets, which is why they might more appropriately
reflect the classification features we are looking for. As discussed by Gorton and Rouwen-
horst (2004), however, futures and spots might reflect different dynamics of the underlying
asset, with the former not representing a direct exposure to commodities at all. In this re-
gard, it must also be tested if the algorithm yields similar results for the classification of
both commodities and currencies. If these conditions are not met, the final result of our
algorithm might, if evaluated uncritically, actually reflect features which are exclusive to
spot or future instruments instead of the underlying asset. We furthermore impose a tim-
ing restriction on our hypothesis, as we do not account for differences introduced by i.e.
more infrequent OTC (over-the-counter) markets for commodities.

Hypothesis 3 (H3) commodities and currencies can be differentiated independently from the in-
strument or derivative they are traded through as long as market conditions and price frequencies
for both assets are approximately equal.

Similarly, as discussed by several scholars, the matter of classifying commodities as only
one asset class is disputed (Vivian and Wohar (2012); Gorton and Rouwenhorst (2004)).
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Furthermore, both individual properties of the precious metal market as a whole and dif-
ferences between individual assets have identified, implying that even precious metals as
one asset class might be too broad of a definition (Sari et al. (2010); Batten, Ciner, et al.
(2010)). Additionally, some currencies, like the Euro, encompass several economic regions,
in contrast to many other currencies. It is thus important to account for potential sub-
classes within the currency definition as well.

With Bitcoin being compared both with gold (Baur, Hong, et al., 2016) and speculative
assets (Yermack, 2013) as well as being considered to share some properties with commodi-
ties in general (Selgin, 2014) and not being bound to a single geographic region in usage
(Nakamoto, 2009), it thus is of importance to consider different baskets of both commodi-
ties and currencies in our training data set to estimate the effects of different factors on
classification, and then evaluate the classification of Bitcoin under those different settings.

Hypothesis 4a (H4a) the choice of currency sub-classes in the training sets will yield similar sig-
nificant feature choices and effects for currencies, independently of the functional form of the classi-
fication function

Hypothesis 4b (H4b) the choice of commodity sub-classes in the training sets will yield similar
significant feature choices and effects for commodities, independently of the functional form of the
classification function

Following our discussion of Bitcoin as well as the feature discussion above, especially in
lights of the evidence on volatility Yermack (2013), among others, we propose a hypothesis
regarding our core question of Bitcoin’s classification that imposes a negative position on
Bitcoin as a currency.

Furthermore, based on research by Urquhart (2016), it can be assumed that Bitcoin be-
came more efficient since its introduction, and is thus potentially moving more closely to
being a currency in recent periods. Based on these arguments, we thus propose our final
hypotheses, which aim to answer our main research question:

Hypothesis 5a (H5a) Bitcoins market dynamics will place Bitcoin, as estimated by a classification
algorithm, closer to commodity markets.

Hypothesis 5b (H5b) Bitcoin, in more recent times, will move more closely to currency than com-
modity classifications.
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3 Theory

3.1 Economic Model

To test our hypotheses, we propose a simple model adapted from previous research, in
particular the generalization of bond rating models proposed by Barniv and McDonald
(1999) as well as the theory of synthetic commodity money developed by Selgin (2014).

It firstly must be clarified what we consider as an "asset" class. A definition has been
proposed by Greer (1997):

An asset class is a set of assets that bear some fundamental economic similarities
to each other, and that have characteristics that make them distinct from other
assets that are not part of that class.

Following this notion, as well general economic settings as for example also proposed
in Beltrametti et al. (1997), we consider an economic agent, A, that has access to a market
on which a set of assets, S is traded. For every asset, he can observe a set of information, I ,
associated with the asset.

Following the literature discussion, as well as the definition above and similar kinds of
feature divisions proposed in other research (Arouri et al., 2012), we propose that this set
of information can generally be divided into external and internal factors.

Internal factors, hereby, are defined as properties intrinsic to the asset itself. For exam-
ple, the return during a given day, the volatility of returns, or the overall liquidity of the
market the asset can be traded on. This definition also includes time series features, such
as the existence of ARCH components. In terms of the definition proposed above, these
factors correspond to the characteristics of the asset.

External factors, on the other hand, are defined as factors from other sources and how
their dynamics and movements is related to the asset. For example price changes caused
by macroeconomic expectations, the overall health of the economy, or policy decisions con-
ducted by institutional bodies and how they i.e. influence the return of the asset fall under
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this definition. Again, considering the definition of an asset class given above, those factors
are described as the economic similarities, i.e. interactions with macroeconomic fundamen-
tals shared with other assets of the same class.

We now assume that the agent can differentiate the assets into two classes in one given
dimension. This could be a differentiation between two actual asset classes, as discussed
in this paper, but also different categories of stock or other trading instruments. One can
represent this classification as a simple binary variable, where 0 represents one class and
1 would represent the other. Furthermore, following Selgin (2014), a class can also be in-
between these two definitions, i.e. carry properties of both commodities and currencies
and thus be synthetic commodity money.

Now following a similar notation as by Barniv and McDonald (1999) and the concepts
of common classification methodology, this differentiation can also be represented as a
probability of the given asset belonging to the class associated with 1. Given information I
that agent A possesses in relation to asset Si, he will perceive the class C of an element Si
of set S, as follows:

C(Si, A) = FA(I(Si)), 0 ≤ FA(I) ≤ 1 (3.1)

where F is a function that processes the information and outputs a value between 0 and
1 determining the perceived class of the asset, and thus represents the probability that Si
is part of asset class 1, or the degree to which A perceives the given asset to belong to that
asset class. As commonly done in such models for simplification purposes, we assume that
all agents will be the same in their perception of the data, i.e. that the class of a given asset
is absolute.

Lastly, we assume that classifications are not permanent and can change over time.
This is firstly to exclude the existence of a permanent perfect separator, i.e. the input of a
government body that is 100% accepted forever as the class of the asset. Thus, an agent
will also consider other variables when deciding on how to classify a given asset, i.e. in
our context the market dynamics exhibited by the asset. Secondly, based on this we fur-
thermore assume that classifications will, to a certain degree, include lagging information
components from previous periods, as it is unrealistic to assume that the perception would
change without consideration of previous periods. We thus write:

C(Si,t, A) = FA(I(Si,t |Si,t−s)), 0 ≤ FA(I) ≤ 1 (3.2)
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where t indicates the current period, while s indicates a given number of periods in the
past for until which information is still considered for the classification in period t.

In the real-world, F is, in many cases, very straightforward to model, since, as men-
tioned above, it would normally include a variable that clarifies the stance of an authority
on the asset at hand and thus, even considering our restriction, would give an agent a value
very close to 0 or 1. For example, no agent will doubt the US Dollar at the moment to be
a currency because it is used and accepted as such commonly across financial markets and
even economies. However, the degree of which certain government bodies are accepted
by an agent to be an authority differs. An example for this could be considered bartering
markets, where, despite a currency existing, commodities are used to trade goods and thus
are not only restricted to being purely one asset class. Alternatively, currencies could be
substituted by alternatives for various reasons, and losing recognition. Examples for this
have been discussed by Sturzenegger (1992) and Garcia (1996), among others. Such evi-
dence can be taken as further indication that the inclusion of lagged variables as well as a
time-based classification models the real world to an extent.

Following our research question and the cases we consider, we can fit Bitcoin as well
as the three cases considered in section into this framework. For Bitcoin, for example, the
degree of which it has been accepted as a currency has changed over time, with more re-
tailers accepting it now than during its initiation as well as evidence existing that it might
have become more efficient recently (Urquhart, 2016). As demand and supply has been
identified as a major Bitcoin price driver (Ciaian et al., 2016), one could reasonably argue
that a large amount of information about Bitcoin’s true classification is reflected in its mar-
ket dynamics. Furthermore, this model directly applies to the taxation issue discussed in
the literature, in which case we could consider the agent to be one of the legal authorities
enacting the classification of Bitcoin as either currency or commodity. Therefore, following
the idea of other classification literature in economics, one could say that we try to replicate
the decision process of a given institutional body in classifying Bitcoin. Lastly, as already
mentioned, the theory of Selgin (2014) implies Bitcoin should take values between 0 and 1
due to possessing properties of both asset classes.

For commodity currencies, while generally accepted as currency, their value is highly
correlated with actual commodities, i.e. external factors in our model. A negative shock
might cause currency value to also depreciate, implying other currencies are perceived to
be closer to actual units of account. It thus will be interesting to see how their classification



Chapter 3. Theory 33

compares with that of other assets, or if their classification differs over time, with expecta-
tions that classifications will be less clear-cut than for other currencies or commodities.

A discussion for carbon as a currency has been provided by several authors, i.e. Button
(2008). One can here follow a similar logic as with Bitcoin described above, i.e. the im-
plication of past analysis that carbon permits might fit the idea of a currency more than a
commodity and thus be perceived as such, and we thus will also analyze it in the context
of our model.

Lastly, the Somali Shilling, as discussed by Luther and White (2011), also follows a sim-
ilar logic as the Bitcoin case presented above, especially in regards to carrying both proper-
ties of a commodity and currency. While we would thus also expect a similar classification
in a test as for Bitcoin above, unfortunately we were unable to find appropriate data for the
period of before 2012. We thus will not formally analyze this case, but recognize the above
observation.

3.2 Functional forms considered for the classification func-

tion

We will consider three functional forms for F . Firstly, we will consider the well-known
logistic regression model, whose input takes a linear function of the features, which will
be provided and discussed in the methodology section. Secondly, we will consider two
machine learning models.

Generally, in the machine learning algorithms that will be considered below, the prob-
lem of classification can be reduced to finding a decision boundary between the classes that
need to be separated. Depending on the structure of the data, this can be a trivial problem,
in the case of linear separability between the classes, or a much more complicated issue,
in the case of interspersed data points. Similar to logistic regression, the classification task
involves finding a function that best represents the formulated separability hypothesis,
whose output is interpreted as the probability of the observation belonging to the target
class.

For this thesis we have chosen to employ SVMs and ANNS to find such a function, and
the rest of this section is dedicated to presenting their underlying theory. Our descriptions
of the models and algorithms mostly follow Gareth et al. (2014).
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3.2.1 Support Vector Machine

Soft margin SVMs (V. N. Vapnik, 1995) are a class of machine learning techniques that can
be used for both regression and classification purposes.

As compared to logistic regression, which is a probabilistic method that attempts to find
a hypothesis function that best fits all of the data points, SVM takes a geometric approach
by fitting its decision boundary based only on support vectors, which are the points that are
closest to this boundary, with the rest of the observations not playing a role in classification
afterwards.

One particular characteristic of SVM is the concept of a margin, which is the space
between the decision boundary and the support vectors. This gives SVM decisions a con-
fidence interval and makes it less sensitive to outliers, with better generalization ability.
As a consequence of this, SVM operates using a hinge loss function, where a point that is
correctly classified will incur zero cost, while in the case of logistic regression a correctly
classified point that is not given a maximum probability (e.g. 0.9 instead of 1) will still incur
a cost. The margin can be adjusted using the C parameter, which represents the maximum
number of misclassifications tolerated during training. The lower C is, the lower the ability
of the SVM to generalize and the smaller the margin (thus over-fitting the training data),
and the higher the C, the higher the ability to generalize (at the expense of a higher training
error)Gareth et al. (2013, pg. 351) 1. Other advantages of SVM include the ability to han-
dle large feature spaces and less sensitivity to missing data. However, parameters can be
hard to tune, and it is harder to directly infer information about the relationship between
features and the classification using the fitted model. Logistic regression has the major
advantage of being transparent and able to show in what way each feature influences the
classification outcome or dependent variable, whereas SVM with a kernel is much more
akin to a “black box”, since it is not clear what the relationship between the independent
and dependent variables might be.

As compared to logistic regression where the decision boundary is given by a line, in
SVM the decision boundary is given by a hyperplane. A hyperplane is the generalized form
of a plane: in one-dimensional space, the hyperplane will be a point, in two-dimensional
space, the hyperplane will be a line, in three-dimensional space, the hyperplane will be a
plane, and so on. Generally, the term ’hyperplane’ is used even when referring to a line

1In Caret package, C is the cost of constraint violation, thus 1/C.
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or point, since it represents an n− 1 dimensional element that is capable of partitioning an
n-dimensional space.

Keeping the same notation as in Gareth et al. (2014), a two-dimensional hyperplane is
given by the equation:

β0 + β1X1 + β2X2 = 0

where X1 and X2 are the two variables, β1 and β2 give the slope of the line and β0 is the
intercept which determines how much the line is offset from the origin.

By extension, an N -dimensional hyperplane is given by the equation:

β0 + β1X1 + β2X2 + ...+ βnXn = 0 (3.3)

where:

Xn represents the value of the n-th feature

βn represents the coefficient of the n-th feature.

Since the purpose of the hyperplane is to divide the dataset into 2 classes (say -1 and
1)2, a new observation with n features given by:

X = (X1, X2, ..., Xn)T

will belong to class -1 if:

β0 + β1X1 + β2X2 + ...+ βnXn < 0 (3.4)

or to class 1 if:
β0 + β1X1 + β2X2 + ...+ βnXn > 0 (3.5)

There are an infinite number of rotations and translations of the hyperplane that can
satisfy the partitioning criteria, however, only one of these positions represents the optimal
solution that will give the best generalization power by constructing a confidence interval
given by the margin. Figure 3.1 shows both a non-optimal separating hyperplane and an
optimal separating hyperplane.

2This convention was used to follow Gareth et al. (2014) terminology.
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(B) Optimal decision boundary

FIGURE 3.1: The new observation (blue-contoured) is misclassified in the non-
optimal decision boundary case (adapted from Gareth et al. (2014)).

In the case of the non-optimal hyperplane, the new observation is misclassified as be-
longing to the red class since it is positioned on the right-hand side of the decision bound-
ary. However, in the optimal hyperplane figure, the same observation belongs to the left-
hand side of the decision boundary, being correctly classified as belonging to the blue class.
Thus, during training, the goal is to maximize the margin, meaning the distance from the
decision boundary to the support vectors3, denoted as M , being given by the following
solution:

Max M
β0,β1,...,βn,ε1,...,εm

(3.6)

subject to

yi(β0 + β1Xi1 + β2Xi2 + ...+ βnXin) ≥M(1− εi),∀i = 1, ...,m. (3.7)

n∑
j=1

β2
j = 1 (3.8)

εi ≥ 0,
m∑
i=1

εi ≤ C (3.9)

where:

yi is the true label of observation i
3Support vectors are observations that have the most discriminatory power.
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m is the number of observations

(β0 + β1Xi1 + β2Xi2 + ...+ βnXin) is the predicted label of observation i

εi is the slack variable (permitted error) for observation i, if the observation is mis-
classified.
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FIGURE 3.2: Margin (adapted from Gareth et al. (2014)).

An illustration of an equally spaced margin is provided in Figure 3.2. An equally-
spaced margin will maximize the confidence with which each observation is correctly clas-
sified, for each class. A hard-margin SVM classifier does not have the component (1 − εi)
in equation 3.7, which means that even one single misclassification will invalidate condi-
tion 3.7 and thus prevent the algorithm from finding a solution. However, since most data
sets are not perfectly linearly separable, it is important to allow for a proportion of mis-
classifications when fitting the separating hyperplane, this being done through the use of
so called slack variables εi. Such a classifier is known under the name of soft-margin SVM
classifier Cortes and V. Vapnik (1995). In constraint 3.7, the left-hand side is a combination
of the two conditions of the plane 3.4 and 3.5. If the observation is correctly classified, the
product between the true label and the predicted label is positive. If the result is greater
than M , given a margin M , then the observation is outside of the two margins. The opti-
mal solution found by the algorithm is represented by the coordinates of the hyperplane
that is furthest away from the support vectors and that allows for the minimum amount of
misclassified points, bounded by the variable C, which is the maximum allowed amount
of misclassification.
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Since data sets are commonly inherently non-linearly separable, a special trick can be
used to transform the data set into a potentially more linearly separable form. This can
be accomplished through the use of various kernels. For a better grasp of how kernels are
used with SVM, equation 3.3 of the hyperplane is re-written as the inner-product of two
vectors:

f(x) = β0 +
∑
i∈S

αi〈x, xi〉 (3.10)

where:

〈x, xi〉 =
∑n

j=1 xjxij

x is the n-dimensional vector containing features belonging to the new observation

xi is the n-dimensional vector containing features belonging to support vector i

xj is the value of feature j of the new observation

xij is the value of feature j of the support vector i

αi represents the importance of support vector i

S is the set of all support vectors.

The rationale behind this is that the inner product between each new observation and
the support vector represents the similarity between them. This inner product can be re-
placed by a generalization of the similarity function which can be represented as:

K(x, xi) (3.11)

where K is a function called a kernel.
There are various types of the kernel choice, such as: linear kernel, polynomial kernel,

radial basis function kernel (RBF) and so on. The linear kernel is equivalent to the inner
product previously described. The difference between the linear kernel and other types
(such as polynomial and RBF) is that the latter also transform the features before com-
puting their similarity. The advantage of this transformation is that in the original space,
observations belonging to different classes might have a high degree of similarity and will
not be correctly classified, however, their higher-dimensional transformations might have
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lower inter-class similarity and higher intra-class similarity, leading to a correct classifica-
tion. In Figure 3.3 A), it can be observed that the datapoints are not linearly separable in the
raw feature space, but become linearly separable after undergoing a kernel transformation
as illustrated in Figure 3.3 B).
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(A) Initial space, non-linearly separable (generated with
Wickham (2009))

(B) Kernel space, linearly separable
(generated with Adler and Murdoch

(2016))

FIGURE 3.3: Kernel transformation

The polynomial kernel is represented as:

K = (1 +
n∑
j=1

xjxij)
d (3.12)

where d represents the degree of the polynomial. The polynomial kernel will trans-
form both the initial features and the support vectors into polynomial representations up
to degree d and will compute their similarity in this new space.

The radial basis function kernel is represented as:

K = exp(−γ
n∑
j=1

(xj − xij)2) (3.13)

where γ is a positive constant and represents the inverse of the radius of influence of
the support vector. As the similarity here is given by the distance between the support
vector and the observation, a high γ means that the support vector will have a small area
of influence, meaning that only observations that are very close to the support vectors will
be considered similar to them.



Chapter 3. Theory 40

The RBF kernel has the property that it transforms features into an infinitely-dimensional
space and it can model more diverse functions.

3.2.2 Neural Networks

Neural networks can be thought of as a system which at each unit (except first input units)
does a logit regression on all inputs passing through that unit, thus the result being a
weighted sum of logits. In this way, each node fits a local decision boundary and thus
the output node produces a final decision boundary that is a weighted sum of these local
decision boundaries. The basic NN can be represented as a sequence of transformations of
input values (features) that ultimately lead to a classification.

Given an observation X = (X1, X2, ..., Xn), at the input of the first hidden layer U (1),
linear combinations of the features X1..Xn are constructed4:

a
(1)
j = w

(1)
j0 x0 +

N∑
i=1

w
(1)
ji xi (3.14)

where:

j = 1...U (1) is the index of the hidden units in the first hidden layer, with U (1) being
the total number of hidden units in that respective layer

i = 1...N is the index of the features given as inputs

w
(1)
ji is the weight of feature i in hidden unit j, within the first hidden layer

x0 is the bias unit whose value is fixed to 1.

The rationale behind this equation is that each hidden unit of the first hidden layer,
takes as input a specific linear combination of the input features and their corresponding
weights, including the bias unit x0 and its weight w(1)

j0 . After this linear combination has
been computed, a non-linear activation function will be applied on it, in order to generate
a non-linear decision boundary. The resulting transformed features are used as inputs to
the next hidden layer (if there is one).

An expanded representation of equation 3.14 is:
unit 1 in hidden layer 1: a(1)1 = w

(1)
10 x0 + w

(1)
11 x1 + ...+ w

(1)
1NxN

4Starting from a terminology similar to Bishop (2006) and expanding further to include more hidden layers
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unit 2 in hidden layer 1: a(1)2 = w
(1)
20 x0 + w

(1)
21 x1 + ...+ w

(1)
2NxN

...
unit U (1) in hidden layer 1: a(1)

U(1) = w
(1)

U(1)0
x0 + w

(1)

U(1)1
x1 + ...+ w

(1)

U(1)N
xN

On the results a(1)1 ...a
(1)

U(1) an activation function h(·) is applied and they become inputs
to the next hidden layer:

z
(k)
j = h(a

(k)
j ) (3.15)

The equation of unit j in the next hidden layer k is given by:

a
(k)
j = w

(k)
j0 z

(k−1)
0 +

U(k−1)∑
i=1

w
(k)
ji z

(k−1)
i (3.16)

where:

z
(k−1)
0 is the bias unit from previous hidden layer k − 1

U (k−1) is the number of units in previous hidden layer k − 1

z
(k−1)
i is the transformed feature i coming from hidden layer k − 1

w
(k)
ji is the weight of transformed feature i coming from hidden layer k− 1 into unit j

of hidden layer k.

An expanded representation of equation 3.16 is:
unit 1 in hidden layer 2: a(2)1 = w

(2)
10 z

(1)
0 + w

(2)
11 z

(1)
1 + ...+ w

(2)

1U(1)z
(1)

U(1)

unit 2 in hidden layer 2: a(2)2 = w
(2)
20 z

(1)
0 + w

(2)
21 z

(1)
1 + ...+ w

(2)

2U(1)z
(1)

U(1)

...
unit U (2) in hidden layer 2: a(2)

U(2) = w
(2)

U(2)0
z
(1)
0 + w

(2)

U(2)1
z
(1)
1 + ...+ w

(2)

U(2)U(1)z
(1)

U(1)

Finally, on the results a(2)1 ...a
(2)

U(2) an activation function h(·) is also applied and they
become inputs to either the next hidden layer (if there is one) or the output layer, in order
to perform the classification.

For a neural network with an input layer and K hidden layers, the equation of the
output unit is:

y = h(a(K+1)) = h(w
(K+1)
0 z

(K)
0 + w

(K+1)
1 z

(K)
1 + ...+ w

(K+1)

U(K) z
(K)

U(K)) (3.17)

where:



Chapter 3. Theory 42

w
(K+1)
0 is the weight of the bias unit in hidden layer K that goes to output layer K + 1

z
(K)
0 is the bias unit in hidden layer K

w
(K+1)

U(K) is the weight of the U (K) − th unit in hidden layer K that goes to output layer
K + 1

z
(K)

U(K) is the U (K) − th unit in hidden layer K.

In Figure 3.4, a neural network with one input layer, two hidden layers and one out-
put layer is illustrated. Each layer, with the exception of the output layer has a bias unit
which has outgoing connection weights but no incoming connection weights. If binary
classification is one’s goal, then the output layer has only one unit, however if there are
n classes, then there will be n units in the output layer. For simplification purposes, the
figure only shows weights going towards the second units of the hidden layers and those
going towards the output unit.

w
10
(1)

w11
(1)

w12
(1)

w 13(1)

w 14(1
)

w
10
(2)

w11
(2)

w12
(2)

w 13(2)

w 14(2
)

w
0
(3)

w1
(3)

w2
(3)

w3
(3)

w 4
(3)

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

input layer hidden layer 1 hidden layer 2 output layer

feature 4

feature 3

feature 2

feature 1

bias unit

FIGURE 3.4: Architecture of a neural network (generated with Wickham
(2009))

Again, the activation function will be applied on the weighted sum of transformed fea-
tures that go into the last layer (output layer). The purpose of this function is to apply a
non-linear transformation of the node input such that the next layers will receive non-linear
combinations of the initial features. There are two commonly used activation functions:
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a) sigmoid: h(a) = 1
1+exp(−a)

b) hyperbolic tangent: h(a) = ea−e−a

ea+e−a .
In a simple form, given a training set of observations X = (X1, X2, ..., Xm) and a vector

of known labels l = (l1, l2, ..., lm), the objective is to minimize the overall classification error
given by the difference between the known labels and the predicted ones:

Min E
w

(w) =
1

2

M∑
m=1

(y(Xm, w)− lm)2 (3.18)

where:

w represents the set of weights matrices

y(·) is the predicted class of each observation

M is the total number of training examples.

In the case of binary classification, where ln = 1 means class (+) and ln = 0 means class
(−), the error function becomes:

E(w) = −
M∑
m=1

(lm ln ym + (1− lm) ln(1− ym)) (3.19)

where ym is the prediction of observation Xm.
The backpropagation algorithm is an efficient way of calculating the adjustments to the

weights by taking into account how much each node contributes to the final misclassifica-
tion error. Given a training set on which forward propagation has been applied, activation
values and predictions are obtained. Using the vector of known labels, the misclassifica-
tion error is computed, which is then propagated backwards to compute the local error at
each unit. Since the weights of the units show how much each of them contributed to the
misclassification, by adjusting them proportionally to their contribution they will provide
the next feedforward propagation with starting weights that are closer to the optimum.
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3.2.3 Further model considerations

As Tay and Cao (2001a) suggest, financial time series are characterized by noise and non-
stationarity and are deterministically chaotic, thus neural networks represent a good alter-
native that can model non-linear data in absence of pre-assumptions and thus are less prone
to model misspecification. However because neural networks are more noise tolerant, they
are also more susceptible to over-fitting and thus poor out-of-sample performance. An-
other disadvantage is the risk of getting stuck in local minima. Alternatively, SVM will
try to achieve an optimum separating boundary, and will not get stuck in a local minima
because the solution is the result of a quadratic optimization problem.

Because SVM uses the structural risk minimization principle which is aimed at mini-
mizing the generalization error rather than minimizing the training error, the result is a
trade-off between model complexity and over-fit of the training data. The structural risk
minimization aims to select the simplest model that minimizes the training error.

There are no assumptions behind SVM and ANN, with this raising the question whether
the models fitted are unbiased. As compared to traditional econometrics, such as in the case
of OLS, if the data respects the Gauss-Markov assumptions, it leads to estimators that are
unbiased and have the lowest variance, but no such assumptions exist for SVM and ANN
classification. However, real world data hardly fulfills all conditions, thus bias-variance
decomposition is recommended.

In the case of SVM and ANN, if a model is misspecified, it could suffer from high vari-
ance or alternatively high bias. Thus the best model, with the lowest generalization error
will be a trade-off between bias and variance. Hastie et al. (2009) presents the error of a
model decomposed into:

Error = Irreducible error + Bias2 + Variance. (3.20)

A downside of only measuring the error on the training set is that the resulting model
will have a complex function chosen to accurately fit the training set, showing low bias.
However, since the function overfits this set, the variance of the model will be high because
of its complex function, which aims to reduce the number of misclassifications on the train
set. A complex function with high variance will however be unable to generalize well to
out of sample data, leading to a high generalization error rate, compared to the error rate
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on the training data. As shown by Gareth et al. (2014), in the case of SVM, the margin-
based approach (varying the cost parameter C) is equivalent to the bias-variance approach.
Similarly, as explained by Lange et al. (1997) for neural networks, training can be stopped
early in order to control the model complexity. This approach involves measuring the
generalization error after every n iterations, and stopping training when the generalization
error has reached a minimum and starts to increase again.
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FIGURE 3.5: Bias-Variance trade-off (adapted from Fortmann-Roe (2012))

As it can be seen in Figure 3.5, if one allows for a high number of misclassifications dur-
ing training, the fitted model will be less complex (underfitting the data) and thus have a
low variance, but will be biased. On the other hand, if one allows for a low number of mis-
classifications, the model will be more complex (overfitting the data) and thus have high
variance but low bias. An algorithm that has high variance is sensible to small fluctuations
in the data which can lead to two similar observations being classified differently, whereas
one with high bias tends to wrongly favor one class over the other. In order to obtain a
good equilibrium between bias and variance, grid-search can be used to find the optimal
parameter and a crossvalidation set to determine generalization error on previously unseen
data.



Chapter 3. Theory 46

3.3 Significance tests

3.3.1 F-score

Initially introduced by Y.-W. Chen and C.-J. Lin (2003) as a Fisher variant, the F-score is a
method of determining the discrimination between two series. Denoting as n+ and n− the
number of 0 and 1 instances, for feature i, the F score will be in the following form:

Fi =
(x̄

(+)
i − x̄i)2 + (x̄

(−)
i − x̄i)2

1
n+−1

∑n+

k=1(x
(+)
k,i − x̄

(+)
i )2 + 1

n−−1
∑n−

k=1(x
(−)
k,i − x̄

(−)
i )2

(3.21)

where:

x̄i is the average of feature i in the whole set,

x̄
(+)
i is the average of feature i in the class 1 subset,

x̄
(−)
i is the average of feature i in class 0 subset,

x
(+)
k,i represents each instance that was classified as 1

x
(−)
k,i represents each instance that was classified as 0.

The above equation can also be viewed as the ratio between the explained variance
between the two classes and the unexplained variance within each class. If a feature has
high discriminatory power, its F-score will be higher and vice-versa.

However, a drawback of the F-score is that it does not take into account the relationship
between two or more features and their combined discriminatory power. Another draw-
back is that it assumes a linear relationship between the feature and the labels and thus
cannot detect non-linear relationships between the two, if they exist. As also suggested by
Guyon and Elisseeff (2003), a feature can be useless alone (does not have discriminatory
power by itself) but can increase the performance when used in combination with others.

3.3.2 Kolmogorov-Smirnov test

The K-S test compares the empirical cumulative distribution and computes the maximum
difference in the cumulative probability between two samples. The advantage of this test
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is that it does not make any assumption about the distribution of the data.

KStest(xi, xj) = sup
i,j

(P (X ≤ xi)− P (X ≤ xj)) (3.22)

where P (X) is the empirical distribution, with n being the number of observations in the
set:

P (x) =
number of terms X1, X2, ..., Xnwhich are ≤ x

n

The null hypothesis of the K-S test is that two samples are drawn from the same dis-
tribution. We will apply this test on the same feature i with one sample being represented
by observations of feature i belonging to class 0 and the other sample being represented by
observations of the same feature i but belonging to class 1. We are interested in rejecting
the null as this would mean that observations belonging to class 0 and those of class 1 are
drawn from different empirical distributions and thus feature i introduces discriminatory
power between the two classes.

3.3.3 Olden - Connection weights approach

Initially proposed by Olden and Jackson (2002) as a method of establishing feature impor-
tance in Artificial Neural Networks, this measure has the advantage of taking into account
the signs of the connection weights between layers, thus providing a more accurate repre-
sentation of feature contribution. For simplification purposes, the importance of feature i
in a single hidden-layer ANN is:

Ii =
U(1)∑
h=1

w
(1)
hi w

(2)
1h (3.23)

where:

U (1) is the number of nodes in the hidden layer

whi is the weight going from input feature i to hidden node h of the first (single)
hidden layer

w1h is the weight going from hidden node h to (single) output node 1

whf is the weight going from input feature f to hidden node h of the first (single)
hidden layer.
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The advantage of this measure is that it can be applied on multiple hidden-layer ANNs,
but since it is not a measure of relative importance, comparisons of Olden results made for
different ANN layouts should be avoided.



49

4 Data and methodology

4.1 Sample composition and technical aspects

4.1.1 General considerations

We consider a date range from January 2000 up to June 2016. We chose the start date due
to the introduction of the Euro and its importance for our estimation, as will be explained
below. The choice of the end date is mostly for data availability reasons, as well as con-
veniently falling around the recent Brexit decision which might have caused considerable
market volatility in European currencies, in particular the British Pound.

Additionally, we will only consider assets denominated in USD as a base currency.
Firstly, as we will discuss later, a considerable number of commodity and currency instru-
ments are traded on USD-denoted markets. Secondly, a large body of research considered
in this thesis has focused on the United States and corresponding macroeconomic variables.
To be able to derive features from previous research as accurately as possible, a focus on
similar assets thus is natural. Lastly, besides the Chinese market, Bitcoin itself is largely
trade on USD-denominated markets.

As the main question of our thesis concerns the classification of Bitcoin, following our
discussion in the literature review, we chose to focus the choice of commodity and cur-
rency components on those which are commonly compared with Bitcoin as well as exhibit
comparable macroeconomic characteristics with the two considered classifications. Bitcoin
trade mainly takes place on publicly accessible exchanges1, and thus we will focus on com-
modities and currencies that also can be publicly traded by some means, in contrast to i.e.
OTC markets.

In addition, we chose to construct several baskets, or "levels", of commodities and cur-
rencies to be able to differentiate possible effects exclusive to commodity and currency
sub-classes. Furthermore, by this we will control for differences in effects caused by a

1While over-the-counter (OTC) markets do exist for Bitcoin to an extent with relatively high legitimacy,
i.e. localbitcoins.com, exchanges have received much more attention both by investors and in the literature.
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too narrow or wide definition of commodity or currency, following the discussion of com-
modities as one asset class provided by several scholars (i.e. Sari et al. (2010) or Gorton and
Rouwenhorst (2004)). We will now provide a discussion of our three basket choices.

Firstly, as identified by several scholars, due to Bitcoin being unregulated by any cen-
tralized institutional agent, its price can be considered to be strongly driven by demand and
supply (Kristoufek, 2015). In contrast, many countries restrict their currency regimes and
observe the exchange rate closely. It is not uncommon for currencies to be pegged to others,
or to be similarly regulated by their corresponding government, Such currencies are there-
fore hardly comparable to Bitcoin, as it does not have any pegged regime, and thus should
be avoided in building a model that is to determine Bitcoins classification, as they would
otherwise introduce substantial bias, i.e. through unrealistically low volatility estimates for
currencies. We thus chose to largely restrict our analysis on currency regimes with floating
or free-floating currency regimes during the observation period. In our assessment, we
mostly followed the most recent classifications of the International Monetary Fund (2014)
as well as historical data on past monetary policy changes from several sources, including
past IMF reports2. Notably, four of the most traded currencies globally officially follow a
free-floating arrangement and have been doing so for our full sample period, namely the
US Dollar, the Euro, the British Pound and the Japanese Yen (International Monetary Fund,
2014). Due to us using the US Dollar as a base currency, we are limited to the other three in
our analysis.

As mentioned in our discussion of the hypotheses, it must be noted that Bitcoin is not
bound to a single economy. Instead, it is supposed to be an electronic currency that is used
over the internet, which is not regionally bounded (Nakamoto, 2009). Due to this global
characteristic, we thus consider the Euro to be the most comparable to Bitcoin out of the set
of appropriate currencies due to its applicability across a whole economic region instead of
a single country3 in addition to its currency regime.

Secondly, from the commodity perspective, one has to initially recognize that Bitcoin
in itself has no nonmonetary value. It cannot be used as a good of production, or for

2As mentioned previously, evidence exists that few governments truly follow a floating exchange rate
regime (see Calvo and Reinhart (2000) for a full discussion). As already mentioned, however, among other
evidence we therefore expect the standard deviation to be an explanatory factor for the differentiation of both
classes. As also noted by Calvo and Reinhart (2000), true free float might not exist, making the identification
of a fully unbiased example of free float rather hard, but on the other hand also imposing the question if such
a currency would even be a good example to compare Bitcoin to.

3We are aware that both the Japanese Yen and the British Pound also are used in different countries, but
to a much lesser extent and in many cases only as a secondary currency.
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similar alternative purposes but as a unit of account (Selgin, 2014)4. A comparison with
classical commodities, such as copper for goods production, is thus hardly appropriate in
a strict framework. One asset class, however, is often considered by scholars, for example
Maurer et al. (2013), to exhibit strong anti-cyclic properties as well as intrinsic properties
comparable to Bitcoin, namely precious metals. We will thus put our main emphasis on
this class of assets in our initial classification analysis.

In fact, gold in particular is often directly compared to Bitcoin by commentators and
scholars alike. Furthermore, past research has provided evidence that Bitcoin might ex-
hibit hedging properties similar to gold (Baur, Hong, et al., 2016), as well as its evidence
of its price being primarily driven by investors instead of its actual utility as a currency
(Glaser et al., 2014), similar to how gold’s economic properties seems strongly driven by its
hedging properties instead of actual production demand of the commodity itself (Baur and
Lucey, 2010b). We thus follow past research and consider gold to be the closest commodity
equivalent to Bitcoin.

Despite this narrowing down of commodities and currencies that can be appropriately
compared with Bitcoin directly, other commodities cannot be neglected to keep the general
character of this study as well as to be able to apply our results to the other classification
problems. Therefore, a basket of currencies and commodities independently from their
closeness to Bitcoin is constructed, which also includes the seven assets discussed above
(gold, silver, platinum, palladium, Euro, Japanese Yen, British Pound).

In terms of currencies, we hereby limit our choice to currency regimes that at the very
least were identified as managed float or non-transparent basket of other currencies during
the sample period, as well as making up at least 1% of global currency volume (BIS, 2013).
In addition, we include the Polish Zloty, the Israeli Shekel and the Chilean Peso, which
are slightly below the 1% threshold but were included for geographical and geopolitical
diversity, especially in regards to emerging markets.

On the commodity side, we chose to extend the set by a wide and less restricted choice
of assets primarily from the three major commodity sectors, namely industrial metals and
goods, agricultural products (including livestock), and energy.

In total, this approach results in a three-leveled data approach for our model as well as
assessment of our algorithm and hypotheses. We firstly will consider a model based on
level 1 assets that are most directly comparable to Bitcoin in terms of assumed market and

4See Halaburda and Sarvary (2016) for a discussion of Blockchain’s utility properties in other cryptocur-
rencies, however.
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monetary characteristics - namely gold and the Euro. On one hand, this basket will strongly
limit the interpretation and degree of generalization of the model as it will clearly be biased
towards features unique to either asset in particular and not necessarily to the class as a
whole. At the same time, however, it allows us to directly assess Bitcoin’s closeness to the
assets it is best comparable and has often been associated with.

Secondly, we additionally will consider a set of level 2 assets that constitutes a logical
generalization of the level 1 asset choices to fitting equivalents. For commodities, this step
constitutes the set of major precious metals, namely Silver, Platinum and Palladium. For
currencies, this includes the British Pound and Japanese Yen due to their large overall trade
volume and resulting global character, as well as a free-floating exchange rate policy over
the full sample period. This approach should remove bias caused by Euro- or gold-specific
features, while at the same time maintaining our base approach of comparing Bitcoin with
the most two commonly associated asset classes.

Lastly, we consider a third level that extends both choices to a more general approach by
choosing a wide range of unrelated commodity and currency assets that should be driven
by vastly different demand and supply dynamics and remove most sources of bias in-
troduced by a too narrow sample. We furthermore chose to exclude several assets in all
markets for prediction and testing purposes that still largely fit our general criteria for the
third level, but are only used to test performance of the algorithms after they have been
trained, which can basically considered to be a "level 4" in our analysis. A full and com-
prehensive overview of all assets considered in our sample, the time periods and their
reasoning, trading instruments covered as well as their corresponding levels can be found
in our corresponding code file in Appendix A.1.

All of this is highly related to both hypotheses 4a and 4b. In particular, we will investi-
gate different features considered by the algorithms on all levels, as well as differences in
predictions made to provide evidence for both of them.

4.1.2 Primary data sources

Most of our data set consists of a selection of future contracts traded on exchanges lead
by the CME Group. The CME network compromises one of the largest trading places
for future contracts for both foreign exchange and commodity products, and thus was a
natural choice for our data sample, some of the considered commodity or currency futures
even being unique to this exchange. The choice of CME also follows other research on
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commodities and currencies, since it is considered to be one of the most liquid exchanges
for these instruments available (Chan et al., 2011). Every contract price was then scaled to
reflect the price per unit of currency or commodity, and then, in the case of the Chinese
Renmibi, reversed to be denoted in USD. A select few of the instruments in our data set,
namely emission futures, several prediction industrial metal futures and Rubber futures, of
which none of which are part of the training algorithm, were retrieved from the ICE, LME
and TOCOM, respectively, instead of CME due to data unavailability while at the same
time being important commodity products or, in the case of emission futures, important for
some parts of our analysis. In the case of rubber and emissions, we furthermore converted
the stated price to USD using corresponding spot exchange rates, namely EUR/USD and
JPY/USD, respectively. A summary of all changes made in this context can be found in
Appendix A.1.

Spot exchange rates as well as precious metal spot prices and the majority of macroeco-
nomic variables were retrieved from corresponding Bloomberg indexes, a comprehensive
list of which can be found in Appendix A.1. For stocks, we retrieved data on the SP 500,
MSCI Developed world ex. US and MSCI Emerging Market indexes. In terms of govern-
ment bonds and interest rate products, the data set includes yields on one-month, three-
month, five-year, ten-year and thirty-year nominal US government bonds, five-year and
ten-year US TIPS5, and lastly daily one-month LIBOR and EURIBOR rates. Finally, to re-
flect credit default spreads we retrieved corporate bond yields from the Moody’s Seasoned
Baa and Aaa indexes, retrieved from the Federal Reserve Bank of St. Louis website6.

At this point, in addition to the argument laid out for hypothesis 3, we want to com-
ment on the choice of future contracts for most commodities in our sample and argue why
we consider it is a sensitive choice to reflect commodity markets in the first place. First,
data availability for spot commodity prices on a daily basis is very limited to mostly pre-
cious metals. While spot data are available to some extent for all observed commodities,
this is mostly only the case for much less frequent time periods, e.g. one month. Even if we
were to lower the frequency of our data sample, those markets are also not considered to
be as liquid as publicly available future markets due to their nature of being mostly OTC
markets. Second, as noted by Chan et al. (2011), future markets show higher degrees of

5Thirty-year TIPS, while available and being a fitting extension, have been temporarily discontinued in
the 2000s (Gürkaynak et al., 2010a) and would thus have restricted the time frame of our sample.

6https://fred.stlouisfed.org/series/DBAA and https://fred.stlouisfed.org/series/DAAA
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efficiency than spot markets due to their availability to a wider range of investors, less is-
sues with product storage, as well as playing a price leadership role for the corresponding
commodity. Furthermore, commodities and currencies are recognized to be more closely
linked on the futures market. The former finding is also reflected by the fact that some
commodity indexes, such as the S&P GSCI, actually track the future instead of the spot
commodity market. Thirdly, several potential spot price sources we found, in particular on
industrial metals and energy markets, were not available from CME sources. Using more
than one market to source our data would potentially introduce further sources of bias
through different market environments. Additionally, we were unable to find any source
on daily spot commodity prices that also included high and low prices, with the exception
of the used spot precious metal prices. Fourthly, as it will become clear from our discus-
sion of liquidity measures below, potential measures of liquidity for OTC markets are very
limited, in addition to being hardly comparable to both Bitcoin and foreign exchange mar-
kets. Lastly, correlations of spot and future returns have been observed by many scholars
as being very high in the past. To emphasize this point, we also provide a calculation of
these correlations in Appendix A.4. These results imply that underlying market drivers are
at the very least similar.

A limitation of futures are that their price is determined by the price expectation for the
underlying asset, and according to some scholars does not even provide direct exposure to
the underlying instrument (Gorton and Rouwenhorst, 2004). This is why we will explicitly
test if a classification algorithm does depend on the instruments through which underlying
assets used for training are traded, namely hypothesis 3. In this context, we will train our
algorithm on level 1 and 2 on four different subsets, namely a full set of data including both
future and spot trading instruments for all assets (which is also our standard approach for
the training on level 3 due to lack of data in terms of futures of all currency or spot of
all commodity assets), spots only, futures only, and spot prices for currencies and futures
for commodities, representing the primary means through which each asset is traded on
public exchanges. If no difference between those four approaches can be identified, we will
fail to reject our hypothesis that the trading instrument does not matter for classifying the
underlying asset.
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4.1.3 Bitcoin data

For our Bitcoin data we had to consider several issues caused by considerable fragmenta-
tion as well as the importance of single exchanges over the history of the asset. Firstly, in
contrast with Blockchain transactions, one must look at different privately-held cryptocur-
rency trading platforms, or a price index, in order to retrieve Bitcoin trading data. There
are various Bitcoin exchanges currently in existence, but also nonfunctional platforms that
have played a significant role in the adoption of cryptocurrencies. In our evaluation of
the best choices for our data sources, we considered historical data on total global trading
volume up to the end of our sampling period retrieved from Bitcoinity.org7.

The first major Bitcoin exchange platform, Mt.Gox, was established in July 2010 in
Tokyo and followed three years later by Bitstamp (Luxembourg-based) and Bitfinex (Hong
Kong-based). Despite Mt.Gox’s popularity, it suffered a spectacular collapse in February
2014 due to mismanagement and hacking of Bitcoin storage accounts (Glaser et al., 2014).

Due to its historical performance in Bitcoin trade, we will firstly consider price data
from Mt. Gox until its collapse. Secondly, we will consider Bitfinex and Bitstamp data for
more recent periods. All of this data has been fetched from Quandl.com.

Several platforms additionally have created price indexes that aggregate the Bitcoin
trading price from several exchanges with some of them providing weighted aggregates
that are more robust to inflated trading volumes declared by certain exchanges. One of the
most popular measures is the BPI (Bitcoin price index) provided by Coindesk.com, which
we will also consider in our analysis. The index is calculated as a simple average between
prices from exchanges that meet a minimum trading volume threshold. In addition, we are
going to test our algorithms on the Bitcoin price index provided by Bloomberg.

Lastly, it is important to note that Bitcoin is traded daily without any proper opening or
closing times, which contrasts regular markets and the vast majority of assets considered
in our sample. However, this property makes Bitcoin returns actually more consistent
than typical market assets, as i.e. weekend periods and assumed overnight returns, as
a majority of scholars do, strictly speaking might cause statistical issues (Pindyck, 2004).
After through consideration we chose to follow the majority of scholars and assume non-
trading days to be overnight periods for normal assets, and consider all Bitcoin trading
days. Following Quandl’s approach, it should be furthermore noted that "close" data has
been set at 6pm local time, which is approximately comparable with CME closing dates.

7https://data.bitcoinity.org/markets/volume/
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4.1.4 Further data quality considerations and transformations

Every series retrieved includes data on OCHL (open, close, high, low) prices, trading vol-
umes, settlement prices (or VWAP (volume-weighted average price), if available) as well as
bid and ask prices at the end of the trading day. Following the data retrieval, we acquired
data on external events, i.e. delisting or contract changes imposed by CME or previously-
mentioned policy changes in exchange rate regimes, and limited our choice of data accord-
ingly, as also described in Appendix A.1.

Besides the transformations on prices already mentioned, we also conducted several
transformations aiming to improve data quality and remove faulty data from our sample.
This included, in addition to policy-driven data range restrictions, removing faulty periods
of data and individual data points from our sample, in particular those where closing, high
or low prices were not available or exhibited a very unusual trading patterns (i.e. a price
being the same for extended periods of time or moving only weeky or monthly instead of
daily), "correcting" high and low prices in case the stated last price was out of the range
(an approach following Corwin and Schultz (2012)), as well as removing data points with
clearly incorrect data, i.e. where the last, high, and low prices were exactly equal or non-
positive. After acquiring a sample of contracts, we furthermore constructed a time series
of all contracts traded by following an adapted methodology used by several authors, in-
cluding Barkoulas et al. (1999) and Chan et al. (2011). We consider the price movements
of one contract until we reach the week during which the first day of the expiry month
occurs, when we automatically switch to the follow-up contract. This ensures that our
sample always follows the most recent contract. We furthermore calculate returns (as well
as the bid-ask estimator, which will be described in section 4.2.2 below) on the switching
day using the prices of the previous contract for consistency.

Following those transformations, we calculated returns traditionally as log-changes of
the price8:

rt = ln
pt
pt−1

(4.1)

For periods where the gap between two trading days exceeded seven calendar days,
i.e. a full week, we ignored the data point under the assumption that a larger trading

8We are aware that many scholars use settlement prices instead of closing prices for returns when consid-
ering futures. We did not choose to do so to keep data consistent with spot prices, as well as this not being a
universally applied approach.
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gap exists and the resulting return calculation would not be comparable with other daily
returns anymore.

Finally, from these time series, our main data has been calculated. Hereby, we compute
a set of monthly observations for each asset where we extracted the features to be described
below for each data point. Months, in this context, are defined based on the first day of the
week during which the next day of a month occurs, following the methodology applied to
merging our future contracts.

While we already described the rationale and theoretical reasons of considering several
time periods for one commodity to train our algorithm, we want to quickly review this
choice and also emphasize practical advantages. Firstly, the number of commodities and
currencies globally is rather limited. An analysis of every single market as one data point
would, if at all possible, introduce considerable bias caused by surrounding conditions,
i.e. different markets. Secondly, as we mentioned before, we are also trying to assess the
development of a given asset over time, i.e. we do not consider a classification to be con-
stant following evidence presented by Urquhart (2016) as well as commodity and currency
dynamics changing over time, as for example presented by Silvennoinen and Thorp (2013).

We furthermore calculated most of our estimates during the month (the short-term pe-
riod) as well as an overlapping period of the last 50 trading days for which returns are
available (the long-term period), which follows the specifications of the model described
in section 3.1. While the majority of features is calculated for both time periods, the MEC
measure as well as all ARFIMA calculations and related tests, to be discussed below, will
solely be calculated considering the longer time period due to being unfeasible over the
short time frame.

Data points where a given month contains less than 15 days of return data or less than
50 days of returns are available overall were dropped. Furthermore, data points where the
full range of long-term period returns exceeds a time frame of three calendar months were
dropped as well to realistically consider a recent lag period. Lastly, after these considera-
tions, data points for which less than 15 days of bid-ask spread estimator data, as defined
below, was available during the monthly or 30 or less data points over the 50-day period,
or any correlation measure failed to calculate (i.e. due to a lack of sufficient data points),
also were dropped.

A.13 provides an overview of statistical descriptives of the raw time series data for
every asset, while Appendices A.1, A.2 and A.3 provide summary of corresponding data
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descriptives for the resulting monthly data set on all three levels considering both spot
and future instruments. The corresponding features and how they were calculated will be
described in the sections below and a summary can be found in Appendix A.12.

4.1.5 Tools used

Finally, all our analyses and calculations, as well as data retrieval, was conducted using R
and a number of packages that will be mentioned if important to the subject discussed. The
full code, including tools to fetch the data from Bloomberg and other sources, is available
upon request because the inclusion of the full code in this thesis being infeasible due to the
length of some files. The only exception to this is ids.R, which contains important informa-
tion regarding the date ranges of some of our assets and can be found in the appendix.

4.2 Features considered

4.2.1 Volatility

We chose to measure historical volatility using returns and an estimate of their standard
deviation during the data point period. While we are aware of alternative methods to
measure expected volatility, especially implied volatility measures through options (Jorion,
1995), we do not consider those to be appropriate for our model and data. First, while op-
tions are readily available for many instruments in our data set, this is not universally the
case. In particular, the market for Bitcoin options and even derivatives in general is very
illiquid, with no liquid market of such instruments being known to the authors. Implied
volatility, however, relies on the idea of market efficiency, which includes the correspond-
ing instrument being liquid. Thus, such a volatility measure is not readily available for
Bitcoin. Second, as already mentioned, implied volatility measures aim to estimate and
forecast volatility, while our model is mostly concerned with historical volatility measures.
Thus, measuring volatility through the standard deviation will impose no restrictions on
the interpretability and efficiency of our model.
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Therefore, we define volatility using the standard definition of the standard deviation,
namely

σi =

√√√√ T∑
t=0

(rt − µT )2

T − 1
(4.2)

where T denotes the number of periods considered.
Following hypothesis 1, we would expect a positive effect of a higher standard devi-

ation on the probability that an asset is classified as a commodity. More generally, if the
significance of both the estimated logistic regression coefficients for volatility during the
period as well as the lagged period is insignificant at the 5% level, we consider this as
strong evidence to not reject hypothesis 1. Further evidence on the matter will be provided
by p-values as well as importance measures calculated by the machine learning algorithms.

4.2.2 Liquidity

The topic of liquidity-adjusted models is an active field of research. In particular, recent
innovations in the field include the LCAPM developed by Acharya and Pedersen (2005),
and a review of several models as well as other aspects of recent research have been pro-
vided by Schäffler and Schmaltz (2009) and Goyenko et al. (2009). The choice of a liquidity
measure thus depends mostly on benchmarks and data availability, rather than an absolute
academic consensus at this point. We furthermore faced a constraint in data availability.
While bid and ask prices are available through Bloomberg, we were only able to retrieve
end-of-day statistics for these two metrics, which clearly does not reflect the average trad-
ing behavior during the day. After some testing with a bid-ask spread measure derived
from these prices, we concluded this measure to be biased and to not properly reflect mar-
ket liquidity in our model.

After careful consideration and research, we limited our scope of liquidity measures to
three promising ones for which daily data was appropriate, namely the Amihud illiquidity
measure (Amihud, 2002), the Corwin-Schultz bid-ask estimator (Corwin and Schultz, 2012)
and the market efficiency coefficient (MEC) (Hasbrouck and R. A. Schwartz, 1988).

The Amihud illiquidity measure is defined as:

Average

(
|r|

V olume(USD)

)
(4.3)
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This measure can be interpreted as the average movement of the price for each dollar
traded during the given period.

While recognized to capture actual market liquidity and price impact quite well (Mar-
shall et al. (2012); Goyenko et al. (2009)) and being a commonly used proxy of liquidity in
academic research, a limitation with this measure and our data is our lack of volume data
for spot markets in our data set. We still chose to calculate it due to being a well-research
and reputed measure of liquidity in the field, however will not use it as our main proxy for
liquidity but simply for comparison and robustness test purposes. The average values of
the measure are reported in our summary tables as AMIHUD and AMIHUD.50D.

Our second consideration, the Corwin-Schultz bid-ask spread estimator, however, is
solely based on high and low prices of two consecutive trading days. These data were
readily available for the vast majority of our data set, and thus it was possible to calculate
it. Empirical evidence in addition to the calculations conducted in the introductory paper
furthermore look promising (S.-H. Kim and K.-H. Lee (2014); Ripamonti (2016); Karnaukh
et al. (2013)).

A detailed derivation of the formula can be found in Corwin and Schultz (2012) and
will be summarized here. In general, the measure assumes that the observed range of high
and low prices observed during a day contains information about both the actual range of
prices as well as the bid-ask spread:

[ln(Ho
t /L

o
t )]

2 =

[
ln
HA
t (1 + S/2)

LAt (1− S/2)

]2
(4.4)

where Ho
t (Lot ) denote the observed high (low) prices, HA

t (LAt ) denote actual high (low)
prices and S denotes the spread.

Under a few typical assumptions for returns and usage of other theorems, after some
steps this yields the equation9

S =
2(eα − 1)

1 + eα
(4.5)

9In their derivation of the formula, Corwin and Schultz (2012) note that estimating the expected value of
the high-low spread by using the historical bid-ask spread is strictly not correct. However, after conducting
several robustness tests, they do not observe considerable performance issues. We thus follow their initial
approach and also assume this to be not an issue in our data set.
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where

α =

√
2β −

√
β

3− 2
√

2
−
√

γ

3− 2
√

2
(4.6)

β = E

{
1∑
j=0

[ln (
Ho
t+j

Lot+j
)]2

}
(4.7)

γ =

[
ln (

Ho
t,t+1

Lot,t+1

)

]2
(4.8)

One can then take the average of the estimate to receive an estimate of the average
bid-ask spread over the period, which is what we do for our periods.

Four notes need to be made about some additional calculations made when applying
the estimator, which both follow the methodology of applying it introduced and suggested
by Corwin and Schultz (2012), as well as regarding one economic assumption and its valid-
ity. First, negative values of the estimator are, in theory, possible. We set those equal to zero
before calculating the average. Second, if the end of day price of the preceding day (day
t) is outside the range of the high-low spread of the following trading day (day t+1), we
correct the high-low spread estimate of the following trading day by adding or deducting
the difference from the last price from the high and low price values before calculating the
spread. This is done to properly account for overnight returns, as the assumption made
by Corwin and Schultz (2012) is that the last price of a trading day is the first price of the
following trading day. Thirdly, the estimator assumes high prices to be an ask quote, while
low prices are a bid quote. This, however, is at least given by data fetched from Bloomberg
(Karnaukh et al., 2013). While we are unable to confirm this to be the price for our Bitcoin
exchange data, Corwin and Schultz (2012) recognize this to be nearly always the case in
practice. We thus do not consider this an issue, especially since a Bitcoin market indicator
has been extracted from Bloomberg too. Lastly, similar to our return calculation, we skip
data points for which the gap between two trading days is larger than seven calendar days
as those are not considered to be a good reflection of daily returns anymore.

Following 2a, we would expect a positive effect of a higher bid-ask spread estimate on
the probability that an asset is classified as a commodity, particularly also through mea-
suring liquidity in the sense of transaction costs (Schäffler and Schmaltz, 2009). Similar to
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volatility, we will reject 2a if the significance of both estimated logistic regression coeffi-
cients for the bid-ask spread during the period as well as the lagged period is insignificant
at the 5% level. Again, additional evidence will be provided by machine learning outputs.

Lastly, the market efficiency coefficient (MEC), as proposed by Hasbrouck and R. A.
Schwartz (1988), has also been proposed to measure liquidity through considering the de-
gree to which a market processes information efficiently (Schäffler and Schmaltz, 2009).
The measure is calculated as follows:

MEC =
σr,long
Tσr,short

(4.9)

where σr,long and σr,short are the long- and short-term volatility of returns, respectively.
The MEC should be 1 in cases where market information efficiency is observed10. Val-

ues below 1 indicate market information inefficiency and potential liquidity issues due to
short-term volatility being unusual large. Values above 1 also can indicate information
inefficiency due to lagging effects (Sarr and Lybek, 2002).

For our calculation, we broadly follow Sarr and Lybek (2002) and consider long-term
returns to be five trading days as well as short-term returns to be one trading day, and
calculate the measure over the overlapping 50-day windows.

We furthermore applied a simple mapping to the MEC to make it more appropriate for
our models and easier to interpret. Namely, we apply the following transformation:

MECmod =

MEC − 1, if MEC ≥ 1

(−1)(1/MEC)− 1), otherwise
(4.10)

This results in values that would normally be below 1 to become large in magnitude
for inefficient markets. We chose this approach due to values above 1 being, in theory,
unbound as well as taking relatively high values in our sample sometimes. I.e. a value
of 4 for the MEC would imply that the long-term volatility is four times larger than the
short-term volatility times the number of periods in the long-term volatility, while on the
other hand the reverse would be implied by a value of 0.33. For our framework, both those
degrees of inefficiencies being symmetric makes more sense both in terms of interpretation

10Technically, a value slightly below 1 is also considered to be efficient, as a negligible amount of market
resilence is to be expected (Sarr and Lybek, 2002). However, as the definition of "slightly below 1" is rather
vague, as well as no author mentioning a specific number, we will ignore this issue in the context of the
transformations that follows.
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as well as estimating models. Furthermore, this also moves market efficiency to a value of
zero, which makes a coefficient easier to interpret.

2b considers market information efficiency and thus we will test it through the usage
of the MEC measure in a similar manner as we test 1 and 2a. Following the discussion of
liquidity, the effect of the MEC should be negative. While large positive values also imply
market inefficiency to an extent, both our data set as well as intuition imply the common
information inefficiency case to be reflected by short-term information not being properly
implemented in the market, instead of the effects described by Sarr and Lybek (2002).

4.2.3 Time Series properties

The field of time series classification has recently received a considerable amount of infor-
mation in other scientific fields, with several emerging techniques that yet have not seen
any applications in economics and finance despite being highly promising. We will use and
adapt several of these simple methodologies from recent literature that have been used in
this field to differentiate between stochastic features implied by our data sample.

Firstly, following X. Wang et al. (2006), we will use higher statistical moments of the
return series, namely skewness and excess kurtosis11, as features:

Si =
T∑
t=0

(rt − µT )3

(T − 1) ∗ σ3
(4.11)

Ki =
T∑
t=0

(rt − µT )4

(T − 1) ∗ σ4
− 3 (4.12)

where σ is the standard deviation.
Secondly, we will estimate anARFIMA(p, d, q) process, a generalization ofARIMA(p, d, q)

processes where d can take any real value instead of only integer values, over every lagging
period of 50 days12.

11A normal distribution has a kurtosis of 3, thus a common transformation is to calculate excess kurtosis
instead.

12While constituting a relatively small sample number to estimate such a model, both Fisher (1991, p. 57)
and Geweke and Porter-Hudak (1983) consider this number of observations to be sufficient for meaningful
estimates of both AR and MA parameters as well as long-memory.
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While a full introduction to ARIMA and ARFIMA processes would be beyond the scope
of this thesis, we want to provide a short summary13. Following the definition and notation
introduced by Tsay (2010), we firstly can write the binomial theorem extended to allow for
noninteger powers:

(1−B)d =
∞∑
k=0

(−1)k
(
d

k

)
Bk,

(
d

k

)
=
d(d− 1) . . . (d− k + 1)

k!
(4.13)

where B is the backshift (or lag) operator.
Now if a process xt can be fractionally differenced by (1− B)d and then described by a

ARMA(p, q) process, then xt is said to follow an ARFIMA(p, d, q) process. If the process is
stationary and exhibits long-memory, meaning that the ACF of the time series decays at a
very slow rate (not at exponential but at polynomial speed), we have:

−0.5 < d < 0.5 (4.14)

Values that fall out of this range, i.e. d 0.5 or d −0.5, are considered to be nonstationary.
To estimate this model we hereby follow a three-step procedure similar to the one dis-

cussed by Choi, Yu, et al. (2010). First, the integer differencing factor required to make
the return series stationary is estimated. For this purpose, we employ the ndiffs method
from the R package "forecast", which employs the commonly used KPSS test for stationar-
ity (Kwiatkowski et al., 1992). We chose to reject the null at 5% due to it being the standard
in such studies.

We then differentiate the resulting return series using this factor and next apply an esti-
mator for the remaining fractional d on it as the second step. For this, we used a modified
version of the commonly used GPH estimator of long-memory effects (Geweke and Porter-
Hudak, 1983) that has been developed by (Reisen V, 1994). We decided on this alternative
due to evidence pointing out a slightly less biased estimate of long-memory than the GPH
estimator, for which negative bias has been recognized being a major issue for small sample
sizes (Silva et al. (2006); Stroe-Kunold et al. (2009); W. Wang et al. (2006)).

A full mathematical explanation of the GPH estimator and the Reisen modification
would go beyond the scope of this thesis, and we thus refer to the original papers, namely

13For a full introduction to ARIMA processes and, more generally, time series modelling, we refer to Tsay
(2010, Ch. 2)
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Geweke and Porter-Hudak (1983) and Reisen V (1994), for a full technical review. At a ba-
sic level, d is estimated as the coefficient of a univariate regression over the periodogram.
d can hereby be shown to be asymptotically normally distributed and can thus be tested
for statistical significance using a simple t-test. The modified version by Reisen V (1994)
introduces a smoothing factor for the periodogram, reducing overall bias. While superior
and more involved estimation techniques have been identified14 with a number of recent
innovations, we chose to use this estimator due to it being readily available to us through
the R package forecast (Hyndman, 2016), as well as the GPH estimator being one of the
most common methods to determine long-memory, and more generally d, in the finance
and economic literature considered in this study.15

Lastly, as a technical note, we chose a slightly larger bandwidth parameter of 0.6 than
the traditional one of 0.5. As explained by Barkoulas et al. (1999), the choice of bandwidth
can, if too high, introduce contamination to the estimator, but if too low reduce the used
sample size for estimation substantially. Our choice firstly follows this argument due to the
low number of data points we observe for each estimate. Secondly, with this methodology
we also follow a common choices for the parameter, as employed by Barkoulas et al. (1999)
and Cheung and Lai (1993) on similar data to ours. As also noted by Barkoulas et al. (1999),
it must be emphasized that the choice of bandwidth is a subjective and data-dependent one
with no perfect method having yet being developed to estimate it beforehand. A separate
sensitivity analysis by us is not viable for this study due to the large number of estimations
we have to conduct.

Following the estimation of d, we employ a simple t-test at 48 degrees of freedom and
reject the null hypothesis of d = 0 at the 5% level. In cases where we reject the null, we
proceed to apply fractional differencing of d to the previously differentiated time series,
and otherwise just continue with the next step.

We then estimate a ARMA(2, 2) model on the fully differentiated time series16. We

14See for example Shimotsu and Phillips (2005) for a discussion of the local Whittle estimator, another
choice we considered, and Haldrup and Kruse (2014) for a discussion of accounting for spurious long-
memory effects due to structural breaks.

15As can be seen from Arouri et al. (2012) furthermore identify estimates of the estimator over 0.5 to poten-
tially imply structural breaks. Identifying spurious and real long-memory is a recent field of research, with
methods only recently emerging (Haldrup and Kruse, 2014).

16Two technical notes must be made here in regards to corrections for Type I and II errors of the large
number our statistical tests we conduct here. First, in cases where the estimated d is significant and less
than -1, we undo any previous integer differencing an re-estimate d on the undifferenced return series to
correct for potential over-differencing. Second, in the ARMA(p, q) estimation process, we employ an error
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hereby followed (Deng et al., 1997) and predetermined the choice of p and q of 2 after
estimating optimal model choices using the Akaike information criterion (AIC) over ev-
ery full asset time series in our training set and observing the average parameters chosen,
which led to the conclusion that such a model would be the most appropriate to capture
the majority of unique features. A detailed overview of time series properties including
stationarity tests and estimates of d for every asset can be found in Appendix A.13.

Finally, we conduct a simple ARCH-LM test17 for conditional heteroscedacity (Tsay,
2010, Ch. 3) over twelve lags on the residuals of the model estimated above and again
reject the null hypothesis of no ARCH effects at 5%.

After the estimation steps, we extract the measured AR and MA coefficients, the number
of integer differences applied to the series18, the absolute t-value of the d estimator19 and
lastly a binary dummy representing if the ARCH-LM test was significant as features. The
first four features, i.e. the estimated ARMA coefficients, indicate the degree to which the
time series includes auto-correlation features. This follows methodology for example also
employed by Deng et al. (1997) and Carden and Brownjohn (2008) in non-finance studies to
characterize the time series for a classification or clustering algorithm, among others. Our
usage of the integer as well as fractional differencing factor follows in broad strokes Tolvi
(2003), who constructs a dummy from the significance of a GPH test, and X. Wang et al.
(2006), who suggests using the Hurst parameter, defined as H = d + 0.5, to characterize
a time series. Lastly, our implementation of the ARCH-LM test has two reasons. First,
a full implementation of GARCH coefficients is simply infeasible considering the small
number of observations each data point considers. Second, since our only interest is the
existence of autoregressive conditional heteroscedacity, including the corresponding test
statistic would serve no point, while a dummy allows for easy-to-interpret coefficients and
interactions with other variables. The inclusion of ARCH effects in itself in such a model
has been conducted and described by Amirani and Mihandoost (2012) and Fulcher and

catching process to account for nonconvergence of the model, which would in such cases apply another level
of differencing. While the former case has been encountered several times, the latter was only implemented
to properly account for non-recognized non-stationarity and not encountered in our model estimation.

17This methodology also can be applied on ARFIMA processes, as for example shown by (Arouri et al.,
2012).

18No data point required more than one difference, effectively resulting in a binary dummy variable indi-
cating if the return series was originally non-stationary.

19Due to degrees of freedom being constant across all data points, this gives a direct estimate of both the
two-sided significance of d as well as its magnitude, while still allowing us to account for values outside the
long-memory range and thus potential evidence for structural breaks (Arouri et al., 2012) through i.e. power
transformations.
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Jones (2014), while the number of chosen lags follows typical choices, as for example given
by Tsay (2010, Ch. 3) or Arouri et al. (2012), under consideration of our data set size.

With these features we aim to estimate several of the intrinsic features identified in
the literature. Firstly, both the presence of autoregressive conditional heteroscedacity and
long memory is estimated due to evidence for these in many volatility estimation settings
described in the literature review. Secondly, we provide the corresponding degree of in-
teger differentiation to account for potential interactions with the long-memory estimate,
the fractional differentiation, conducted. Thirdly, AR and MA are included to account for
market efficiency, i.e. truly random return processes, as well as to compare the typical
autocorrelation process observed in both asset classes. Lastly, some of these test statistics
have also been calculated for Bitcoin in past research (Urquhart, 2016). However, due to
much of the evidence in regards to these features being mixed within both commodity and
currency markets we do not impose a previous expectation or hypothesis on these features,
but recognize their importance for our classification model.

4.2.4 Macroeconomic correlations and other external factors

We measure macroeconomic interactions through simple correlations of daily absolute or
log-changes (returns) over the short- and long-term period20. While modern econometric
literature more commonly focuses on advanced techniques to explore these relationships,
in particular analyses of co-integration and Granger causality, we consider the fact that we
observe short-term periods in our sample, as well as having less interest in determining the
long-term drivers or identifying "cause-and-effect" relations of market movements through
our analysis but simply relationships of two variables. Thus, we follow a simple correla-
tion methodology, as for example also employed by Pindyck and Rotemberg (1990) and
Büyükşahin et al. (2010), as well as also used in recent Bitcoin literature (Baur, Hong, et al.,
2016).

Correlations with returns of several stock indexes were calculated, namely S&P 500,
MSCI Developed world ex. US (MSCI EAFE), and MSCI Emerging World. This follows
the previously discussed past evidence of significant negative short-term co-movements
of commodities and stock markets, especially in developed countries (i.e. Tang and Xiong

20We are aware of modifications such as partial correlations also being used (i.e. Hammoudeh et al. (2010)),
however due to the machine learning algorithms potentially putting weights close to zero on certain features,
we chose regular calculations to avoid potential information loss.
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(2012), Chong and Miffre (2010), or Gorton and Rouwenhorst (2004)). The choice for these
indexes follows several authors, in particular Batten, Ciner, et al. (2010), who considers
both the S&P 500 as well as a World ex US index, and Tang and Xiong (2012), who iden-
tified a positive correlation with stock markets of emerging countries. On the other hand,
research points to no clear relationship of foreign exchange markets and stock markets, and
in some cases even no effects at all (Nieh and C. F. Lee, 2001). We thus expect high negative
correlation with the first two assets to put an asset closer to being a commodity, while for
the last index we expect a positive correlation.

Furthermore, we calculated yield spreads of nominal US government bonds for one
month to three months, three months to five years, five years to ten years and ten years
to thirty years, as well as TIPS yield spreads of five years to ten years and lastly the yield
spread of five and ten year nominal US government bonds and TIPS. Following this, we
calculated daily changes in these spreads21. Those yield spreads of bonds reflect a risk
premium (Pflueger and Viceira, 2011), as well as term structure and business cycle effects
Batten, Ciner, et al. (2010) while the spread between nominal and TIPS yields can be seen
as an instrument for CPI and thus inflation expectations (Gürkaynak et al., 2010b)22 Due
to this, we expect positive correlations with nominal and TIPS spreads for commodities
(Gorton and Rouwenhorst (2004); Levin et al. (2006)), while we expect negative correlations
with short-term yield spreads (Chong and Miffre, 2010). Effects on foreign exchange rates
were also identified, for example by Ang and J. Chen (2010) and Calvo and Reinhart (2000).
Due to the local currency appreciating against foreign currencies following such changes
and us observing US bonds, we expect a negative correlation of exchange rates and bond
yields due to our base currency being the US Dollar. Therefore, in total we cannot make
a statement regarding the net effect of yield spreads on our classification, as it is not clear
which effects dominate.

Related to this, we also employ a measure of the credit default spread by calculating
the yield spread between Baa and Aaa-rated corporate bonds, reflected through the afore-
mentioned indexes of Moody’s. Levin et al. (2006) identified a positive relationship be-
tween credit risk and gold prices assumed to be caused by the anticyclic properties of gold,

21We did not calculate relative changes due to several negative values in these spreads, which make i.e. log
changes infeasible.

22It must be noted that some scholars have criticized TIPS as a unbiased measure for inflation due to
liquidity risk distorting it (D’Amico et al., 2014), however, as mentioned by (Gürkaynak et al., 2010a), their
liquidity is at least comparable with corresponding off-the-run bonds and, as recommended by Shen and
Corning (2001), we consider additional information to make up for this weakness.
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which, as laid out, are also shared by other commodities to an extent. We thus initially
expect a high correlation to points towards a given asset to be a commodity, though with
less confidence than most of our other expectations.

In addition, we acquired three major measures of short-term interest rates, namely US
government T-Bill, EURIBOR and LIBOR one-month yields to reflect both risk-free rate
movements as well as international interest rate trends across several economic spaces due
to the importance of the latter two. Following Ang and J. Chen (2010), increases in interest
rates are positively correlated with changes in corresponding exchange rates. However,
similarly as argued above for yield spreads, the effect should be reversed for our data due
to our base currency choice, and similar effects of commodity and currency returns have
been observed in this context. We thus initially put forward no initial expectation for T-Bill
yield changes, but expect an overall positive effect on exchange rates due to changes in
EURIBOR and LIBOR rate changes.

Finally, we also use crude oil future returns as an explanatory variable. This follows the
vast discussed body of literature on co-movements of commodities, i.e. Büyükşahin et al.
(2010). Following this, we expect a positive effect of high correlation between oil and a
given asset.

4.2.5 Other factors

Two time-based dummy variables are introduced to reflect the fact the data point has oc-
curred before or during the 2007-2009 financial crisis, respectively. This follows an assump-
tion that especially effects on volatility and liquidity might be very different during this
period, but also some evidence from the literature regarding structural breaks, i.e. Arouri
et al. (2012). We define the crisis period following the NBER definition (NBER, 2010) due
to our base currency and markets being located in the US, which namely means the period
from December 2007 to and including June 2009. Of main interest with this variable will be
interaction effects with other metrics. We also include the return during the full short- and
long-term period as a control variable due to observed price movements in commodities
during the sample period (Piot-Lepetit and M’Barek, 2012).

The dummies themselves will serve as control variables to capture some time-based
bias of variables, i.e. more commodities in our sample during a certain period. We also
introduce returns over both the short- and long-term period to control for such effects.
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While interactions will be calculated for most of the machine learning algorithms au-
tomatically, for the logistic regression we explicitly introduce several interaction variables,
beginning with interactions of the crisis and pre-crisis dummy with volatility and bid-ask
spread estimator due to evidence that volatility effects differ considerably during this pe-
riod as well as spillover effects (Diebold and Yilmaz, 2012), and their importance for our
hypotheses, which also follows evidence from the literature, i.e. by Creti et al. (2013). We
also introduce an interaction variable of the dummies with the t-value of our d significance
test to account for bias in the estimation due to structural break observed during the period
(Arouri et al., 2012).

Additionally, both a squared measure of MEC and the t-value of the d significance test
are introduced to account for unusually high absolute values in both cases. In the case of
MEC this measure furthermore introduces a general way to measure information ineffi-
ciency, independently of its type.

Furthermore, we introduce interactions between the ARIMA stationarity dummy and
the t-value of the d significance test to properly differentiate effects that might be only
evident in case both have been deducted from a time series, as well as account for the full
effect of the integration factor.

As our last feature we calculate the product of the bid-ask spread and standard devia-
tion for the short- and long-term measures due to strong evidence of a high correlation of
bid-ask spreads and volatility, as for example found by G. Wang and Yau (2000), among
others. Through this we aim to isolate effects only caused by liquidity or volatility.

A summary table of every feature considered (excluding interactions of the logistic re-
gression model) can be found in Appendix A.12.

4.3 General model specifications

4.3.1 Codifying the dependent variable

For training and estimating our models, the asset classes are mapped to a binary variable
which takes the following values depending on asset S

yS =

1, if the asset is a commodity

0, if the asset is a currency.
(4.15)
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We will thus estimate our models in a simple binary context, as described in section 3.1.

4.3.2 Logistic regression model

To get a easily interpretable result regarding the impact of our features, we will first con-
duct a simple logistic regression as the functional form of the classification model. We
hereby consider a logit model instead of alternative forms, i.e. probit, for an easier inter-
pretation of coefficients in terms of log-odds.

For our first functional form, we thus consider the following simple logit model:

yS = F (β0 + βlongxlong + βshortxshort + βTSxTS + βInterxInter + ε) (4.16)

where
F (z) = 1

1+e−z

βlongxlong are the long-term versions of the features, including MEC
βshortxshort are the long-term versions of the features
βTSxTS are the time series features
βInterxInter are the interaction terms and related crisis and pre-crisis dummies
The output of the logit model can then be read as the degree, or probability, that the

given asset is a commodity, in contrast to being a currency. Ignoring interactions, positive
coefficients of features imply that a positive increase of the feature, ceteris paribus, would
increase the odds of the asset being a commodity in contrast to being a currency.

4.4 Machine learning methodology

4.4.1 Normalization

Haykin (2005) and LeCun et al. (2012) recommend that features should be normalized be-
fore training a model. Herbrich and Graepel (2002) also suggest that features are normal-
ized before employing SVM, since the classification is based on computing the similarity
between the observation and the support vectors using the inner product. Thus, having
feature vectors (line connecting the origin and the observation) of different scales can af-
fect the optimization process, leading to a slower convergence of the algorithm. For these
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reasons, our features will also be normalized within each set according to the following
formula:

x̂i =
xi − µxi
σxi

(4.17)

where µxi and σxi represent the mean and standard deviation of the feature calculated
on the observations of the training set, respectively. The rationale of normalizing using the
values of the training set only is because out-of-sample data must have the same scale as
those on which the algorithm was trained on.

4.4.2 Sets structure

We follow the approach of Cao and Tay (2003) and split each data set before in three subsets
with different purposes, for each level the models are trained on.

Firstly, a training set is used to estimate multiple versions of the two algorithms. Sec-
ondly, a cross-validation set is used to select the SVM and ANN model specifications that
best performed on previously unseen data. Lastly, a validation set is used to study the
performance of the selected algorithms.

A proportion of 70%, 20% and 10% will be used for the training, cross-validation and
validation set, respectively. We follow this methodology because, as also suggested by
Y.-C. Lee (2007), true performance of the algorithm is better reflected when it is evaluated
on unseen data. A very low error rate on the training set is not representative of the true
performance as the parameters found during training could be over-fitting the training
data but might have poor performance on out-of-sample data.

Additionally, before splitting the data, the order of data points data will be randomly
reshuffled, first to avoid bias caused by the initial order of feature calculation and second
because it is important to diversify the training, cross-validation and validation sets. Fur-
thermore, randomization of data aids faster convergence of the neural network algorithm
(LeCun et al., 2012).

As described above, the cross-validation set is initially chosen from data specific to the
level on which each model is being trained, but which has not been used during training.
The rationale is that a cross-validation set drawn from the level of the model being trained
will maximize the performance of that model on assets of the same level or similar to it.
However, a cross-validation set that is a better representation of the whole population of
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assets, i.e. not restricted to the assets of the particular level that the model is trained on,
will maximize the generalization power across all levels. For this reason a cross-validation
set representing 10% of the first three levels will also be tested. Thus, all models of level 1,
2 and 3 will be cross-validated using 10% of the data drawn from all the data sets except
level 4, which will not be used for anything else than cross-validation. At the threshold
selection step, if this cross-validation method performs better than the initial one, it will be
used instead of the previous set.

4.4.3 Kernels and activation functions

As our machine learning methodology includes SVMs and ANNs, our interest is to exper-
iment with various types of kernels and activation functions in order to guarantee a good
model choice, as previous literature reports varying model performance depending on the
model specification and data.

A simple linear SVM kernel was our first choice, as it is fastest to compute and least
prone to over-fitting, but more prone to bias than our other choices. We furthermore con-
sider a polynomial SVM kernel, as described in equation 3.12, which can account for differ-
ent interactions between the features used. Lastly a RBF kernel, described in equation 3.13,
will also be considered, which is more flexible as it takes an infinite sum over polynomial
kernels, but at the same time increasing the risk of over-fitting the training data.

While it seems that overall results of previous studies seem to favor RBF as best kernel
choice in the case of SVM, we follow Min and Y.-C. Lee (2005) and experiment with linear,
polynomial and RBF kernels, as their results show that a second order polynomial kernel
provides better accuracy than the RBF kernel in their cross-validation set.

As suggested by Haykin (2005), an ANN might learn better when having an anti-
symmetric activation function (e.g. hyperbolic tangent) instead of a non-symmetric one
(e.g. logistic function). The reason is that if the algorithm uses a non-symmetric function,
which restricts the output to positive values between 0 and 1, it will create a systematic bias
for all the layers beyond. A hyperbolic tangent function is thus a better choice as it allows
all the other hidden layers to receive as input both positive and negative values between
-1 and 1. We will thus experiment with both logistic and hyperbolic tangent activation
functions.
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4.4.4 Model evaluation and selection

In order to address bias and variance trade-off, out-of-sample prediction performance and
to make sure that the model has an appropriate fit, the models will be evaluated on the
cross-validation and validation sets.

Since there is no way to know beforehand which are the optimal values for the classifier
parameters, we follow common methodology as employed by many scholars in the field
and apply a grid-search approach in our SVM model training. Hereby a range of values is
considered for each parameter and a number of parameter combinations are then tried by
keeping one parameter constant and varying the others. Ultimately, the parameter combi-
nation that corresponds to the model that best performs on the cross-validation set will be
chosen.

In order to speed up the training process, a first training pass will be made using the
functions’ internal parameter selection mechanism, and after observing the value of the
parameters chosen, a finer-tuned range of parameters will be tested.

All three kernels use a cost parameter for the regularization process, C. Additionally,
for the polynomial kernel SVM, the degree of the maximum polynomial considered, d, and
a parameter that gives higher importance to high order terms, scale, will be varied, while
for the RBF kernel SVM the radius of influence of the support vector, γ, will be varied.

Similar to SVM’s optimal parameter choice problem, there is no way to know before-
hand what is the exact architecture of an ANN, in terms of the number of hidden layers and
hidden nodes in a layer, which gives the best model performance. For this reason, we also
apply a grid search methodology employed by Cao (2003) and vary the number of hidden
nodes in a layer starting from the average between the number of input features and out-
put nodes (a methodology adapted from Z. Huang et al. (2004)) to a maximum equal to the
number of input features. As we do not want to restrict our architecture to a single hidden
layer, and since our own experiments and related "rules of thumb" show that having more
than two hidden layers rarely leads to an improvement in accuracy, we will experiment
with both one and two hidden layers, ultimately choosing the ANN architecture that has
the best performance on the cross-validation set.

Additionally, an early stopping technique will be used in training the ANN models,
similar to one of the methods used by Prechelt (1998). The algorithm will pause training at
preset values of the partial derivatives of the error function (1, 0.5, 0.25, 0.1, 0.05, 0.02), and
check the performance on the cross-validation set. The naive way is to stop training as soon
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as the performance on the cross-validation starts decreasing, but this comes with the risk
of only finding a local maximum as the performance might increase again after a period of
decrease. For this reason, after finding a best performing model, the corresponding model
will be saved, but training will continue until the performance decreases by more than a
set limit. This allows the algorithm to evaluate the trade-off between accuracy and over-
fitting and to stop earlier once a best performing model has been found. There will be no
additional tuning of the neural network parameters after the initial training pass, as the
initial training grid covers all criteria to be varied.

As a training function for the neural network, resilient back propagation will be used
(Riedmiller and Braun, 1993), as training time is lower and the optimal parameters are
chosen automatically by the built-in function.

For each model, a Receiver Operating Characteristic (ROC) curve is computed by vary-
ing the cutoff value from 0 up to 1, recording the True Positive Rate (TPR) and False Positive
Rate (FPR), and the computing the Area Under ROC Curve (AUC). The best model selected
is the one that maximizes the AUC (formula adapted from M. Zhang (2016)):

AUC =

∫ −∞
∞

TPR(T )FPR′(T )dT (4.18)

where:
TPR = True positives

True positives+False negatives

FPR = False positives
False positives+True negatives

4.4.5 Further check of performance

A further check of the fitted models will be made on the assets used to train the models.
Each model trained on section x will be tested using assets of levels x + 1 and higher. For
example models trained on section 1 assets (EUR and gold) will be tested on assets of level
2 (JPY, GBP, silver, platinum and palladium), level 3 and level 4. For each asset tested, the
overall error rate will be recorded:

Error Rate =
False positives + False negatives

Total number of observations
(4.19)
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4.4.6 Rebalancing

A common problem in machine learning algorithms is the existence of data sets that have
unbalanced classes. As Chawla (2005) underlines, the accuracy metric breaks down due to
a potential unequal ratio between false positives and false negatives, especially in crucial
applications (such as cancer detection), where the class of interest (presence of cancer) is
much more sparse than the other class. Various ways through which one can deal with
unbalanced data sets are presented in the literature, however each with its own advantages
and disadvantages.

The simplest approach is undersampling, involving randomly removing observations
of the majority class such as to match the size of the minority class, but which can lead
to removing observations containing important information. Another approach is over-
sampling, in which additional data is created for the minority class by simple duplication,
which however can lead to redundant information and over-fitting of the minority class
(X.-Y. Liu et al., 2009).

Another method, introduced by Chawla et al. (2002), is SMOTE (Synthetic Minority
Over-Sample Technique), a technique which creates synthetic data for the minority class in
order to match the number of observations of the other class. The newly created data will
have the same expected value as that from which it is created, but the variance of the new
observations will be smaller than that of the original minority class.

After evaluation of those three approaches, we decided to employ both SMOTE and
undersampling and compare both results on a data set including both future and spot data
of the corresponding level, as this data set contains more data than the other approaches,
and make the choice based on the error on assets of the algorithms trained with these two
methods.

Figure 4.1A represents the unbalanced data set while Figure 4.1B shows the rebalanced
data set using SMOTE. Because of the high dimensionality of the data, we plot only two
features (Standard deviation on the X-axis vs. bid-ask spread on the Y-axis). It can be seen
that the synthetic data created through SMOTE (black) overlaps with both classes. This can
be due to the presence of outliers in the features of the minority class. Since SMOTE creates
new data based on the nearest k-neighbours, if these neighbours are outlier values of the
feature, then the created observations will also be outliers.

Additionally Tables A.14 and A.15 in the appendix show the differences in generalized
error rates of the models and average errors on the two asset classes. One can observe that
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(A) Unbalanced dataset (B) SMOTE balancing

(C) Undersampling

FIGURE 4.1: Data distribution depending on balancing technique

the models balanced with SMOTE have approximately 10.58% error rate as compared to
the models balanced through undersampling which have a slightly lower average general-
ized error rate of 10.46%. For these reasons, we chose undersampling (Figure 4.1C) as our
technique for class re-balancing, at the cost of losing information.

4.4.7 Feature ranking and elimination

Following the balancing step, we next employ a feature ranking analysis using a recursive
feature elimination technique. This is done in order to check if the features derived from
the literature also make sense in our classification task from a technical point of view or if
they do not contribute any additional information. Our methodology is a variant of Y.-W.
Chang and C.-J. Lin (2008), which study the change in the performance of the algorithm
when removing one feature at a time using the area under the ROC curve. The advantage of
such a recursive feature elimination is that it takes into account interaction terms between
the features, however it does not produce p-values for their importance.

Table 4.2 shows, for the mixed data set on level 3 considering both spots and futures,
the top five of all features which maximized the area under ROC curve in each model. As
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can be seen in Tables A.16, A.17, A.18 and A.19 in the appendix, most of the models ob-
tained a maximum area under ROC curve when selecting all features with the exception of
polynomial kernel SVM in the futures and spots approach, where only four variables were
selected, namely return and standard deviation for both monthly and 50-days measures.
However, in order to maintain comparability across all models, none of the features will be
removed from training.

4.4.8 Adjusting the optimal operating point

As shown by Pozzolo, Caelen, Johnson, et al. (2015) and applied by Soureshjani and Kimi-
agari (2012), even if the model is trained on a balanced dataset, the distribution of the
data to be tested can be different from the distribution of the data on which training was
done, which can lead to biased classification of the test data. Furthermore, as rebalancing
through undersampling may affect the distribution of the training data, special care must
be taken to account for this effect by modifying the threshold value that determines the
binary mapping of the classifier.

As also explained by Gönen (2007, Ch. 3), this can be done by optimizing the operat-
ing point of the fitted models using the Receiver Operating Characteristic (ROC) curve,
in order to maximize classifier accuracy and minimize bias. The optimal operating point
will be chosen at the point on the ROC curve where true positives and true negatives are
maximized and false positives are minimized, i.e. the point that has the lowest euclidean
distance from the optimal point that has a true positive rate (TPR) of 1 and true negative
rate (TNR) of 1, or correspondingly a false positive rate (FPR) of 0. The distance to be
minimized is thus:

d =
√

(1− TPR)2 + (1− TNR)2 (4.20)

Table 4.1 contains the models’ average performance as a function of how the cutoff
probability was chosen after undersampling. For the default case, the commonly used
0.5 probability threshold was used. For the in-level case, the cutoff value was calculated
based on the ROC curve obtained from cross-validating the model on the initial 20% subset
belonging to the corresponding level of the model. For the all-levels case, the cutoff value
was calculated based on the ROC curve obtained from cross-validating the model on a
cross-validation set representing 10% of the data up to and including level 3.
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TABLE 4.1: Models’ performance based on how the probability threshold was
selected.

Models tested Threshold Error on class 1 Error on class 0

Models 1 on level 2 default 1.691 13.456
in-level 2.445 13.400
all-levels 3.101 9.825

Models 1 on level 3 default 9.662 17.067
in-level 9.994 17.836
all-levels 12.453 13.125

Models 1 on level 4 default 14.531 26.179
in-level 13.694 26.809
all-levels 18.332 22.651

Models 2 on level 3 default 12.214 15.248
in-level 12.565 14.843
all-levels 15.903 11.329

Models 2 on level 4 default 13.428 23.342
in-level 15.009 22.587
all-levels 19.777 19.611

Models 3 on level 4 default 6.593 16.167
in-level 8.139 15.101
all-levels 5.534 17.632

Default: 0.5, in-level: determined using cross-validation within level data
all-levels: determined using cross-validation within data up to level 3 inclusively.
Table only refers to the results of the mixed approach.
See Tables A.20, A.21 and A.22 in appendix, for all approaches.

There is a slight reduction in the bias towards one of the classes as one moves from the
default probability threshold to the one determined from level-specific data. On the other
hand, there is a clear improvement in bias when the cutoff value is adjusted by taking
into account a more diversified cross-validation set. This is especially the case for models
trained on level 1 and tested on level 3 and 4 assets, but also for models trained on level
2 and tested on level 4 assets. However, this does not hold for models trained on level 1
and tested on level 2 assets, and neither for models trained on level 3 and tested on level 4
assets.

This methodology was applied in order to show the benefits of adjusting the cutoff
probability based on a representative cross-validation set drawn from the whole data. A
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further sensitivity analysis of the cutoff point will be employed together with the selection
of the best performing models after they are fine tuned.

4.4.9 Feature contribution

The contribution of input features in the classification and regression processes is also im-
portant in the machine learning framework both for evaluating hypotheses 4a and 4b as
well as for feature selection purposes. For studying the importance of each variable in pre-
dicting the asset class, we thus follow the literature and employ F-scores (C.-L. Huang et
al., 2007) and Kolmogorov-Smirnov statistics (Ding et al., 2008) and, in addition, for ANN
models we also use connection weights (Olden, Joy, et al., 2004). The exact mathematics
behind these methods has been explained in section 3.3.

TABLE 4.2: Mixed approach: top 5 selected variables

Linear SVM Poly SVM RBF SVM Neural networks

STD.50D STD.50D STD.50D STD.50D
STD STD STD CRISIS

BIDASK.CS.50D BIDASK.CS.50D BIDASK.CS.50D C.Y.TIPS.5Y.50D
BIDASK.CS BIDASK.CS BIDASK.CS C.Y.TIPS.10Y.50D

C.YS.3M5Y.50D C.YS.3M5Y.50D C.YS.3M5Y.50D C.INDEX.WORLD.50D

4.4.10 Performance check across instruments

As already described in the context of hypothesis 3, in order to check whether the models
trained are sensitive to the underlying instrument of the assets, each model will be trained
on the data sets while considering spots only, futures only, both instruments, and spot
instruments for currencies and future instruments for commodities. We use models from
all three levels across all approaches to classify assets of higher levels, and apply the test
on paired series of errors in order to compare their performances. Because the models
belonging to the spots approach are not trained on level 3 assets due to data availability,
the series of errors produced by the spots models is only compared to the errors produced
by models of up to level 2 from the other approaches.

To evaluate the hypothesis, we follow Alam and Rudin (2015) as well as Rudin and
Vahn (2014) and apply the Mann-Whitney-Wilcoxon test on the series of errors to check
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whether the series are nonidentical. The advantage of this test is that it does not make any
assumptions regarding the distribution of the data, in contrast to e.g. a t-test. Our null
hypothesis will be that two groups have the same distribution. Thus, if all four approaches
produce comparable error rates with no statistically significant difference, we can conclude
that the classifiers are invariant with respect to the instruments of the assets used.

4.4.11 Interpretation of results and predictions

Finally, a comment on the actual output of both models must be made. The result from
ANN models can be directly interpreted as probability of target class, since a logistic func-
tion is applied on the output node, making it interpretable from a probabilistic point of
view. While, on the other hand, raw SVM outputs are not necessarily interpretable as
probabilities, the R package used for SVM training applies a sigmoid function on the deci-
sion output (product between weights and the observation) of the classifier, mapping it to
probabilities, which is a technique first introduced by Platt (1999), such that:

P (y = 1|f) =
1

1 + e(Af+B)
(4.21)

where f is the classifier’s decision function, A is the slope of the sigmoid and B is the
offset from zero.

Thus, in the context of hypotheses 5a and 5b, as well as our original model in section
3.1, we will end up with an estimate of how much Bitcoin corresponds to either class, both
overall as well as over time, and can provide a final assessment in regards to our overall
research question whether Bitcoin, based on its market dynamics, is more comparable to a
commodity or currency.
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5 Analysis

5.1 Logistic Regression

Table 5.1 gives the result of our full regression model on tht mixed data set (spots and
futures)1 on the respective levels.

TABLE 5.1: Logistic regression model results
Dependent variable:

CLASS
(1) (2) (3)

STD 8,216.623∗∗ −111.196 −100.657
(3,696.254) (287.097) (67.379)

STD.50D −3,384.078 1,397.233∗∗∗ 984.266∗∗∗
(3,830.753) (417.935) (86.600)

BIDASK.CS 21,921.926∗∗ 754.575 33.281
(8,774.496) (673.208) (149.065)

BIDASK.CS.50D −20,132.450∗ 1,959.563∗∗ 719.072∗∗∗
(10,755.436) (978.324) (183.223)

STD:BIDASK.CS −2,341,724.353∗∗ −19,934.086 −3,614.071
(1,024,510.164) (65,509.542) (6,014.856)

STD.50D:BIDASK.CS.50D 3,002,547.216∗∗ −13,243.987 −11,947.289∗
(1,403,361.002) (93,687.310) (7,085.856)

STD * PRECRISIS −1,193.834 508.216 218.877∗
(2,008.617) (373.729) (111.965)

BIDASK.CS * PRECRISIS −8,533.318∗∗ −837.971 −41.133
(3,800.056) (637.492) (233.328)

STD * CRISIS 1,662.737 457.284 225.769∗∗∗
(2,196.507) (321.387) (85.086)

BIDASK.CS * CRISIS 24,443.007∗∗∗ −214.405 22.655
(8,933.637) (717.103) (192.602)

STD.50D * PRECRISIS 11,697.347∗∗ 1,025.117∗ 435.881∗∗∗
(4,816.924) (543.056) (150.242)

BIDASK.CS.50D * PRECRISIS 2,671.159 −989.636 −906.600∗∗∗
(4,287.769) (943.207) (287.159)

STD.50D * CRISIS 10,699.870 −725.116∗ −657.850∗∗∗
(6,669.168) (400.743) (105.114)

BIDASK.CS.50D * CRISIS −9,204.598 −1,682.716∗ −393.859∗
(9,408.223) (1,004.259) (236.353)

MEC.5D.MOD −7.697∗∗ −0.343 0.547∗∗∗
(3.653) (0.433) (0.141)

MEC.5D.MOD 2̂ −4.957∗∗∗ −0.179∗ −0.016
(1.845) (0.105) (0.034)

KURT 4.356∗∗∗ 0.246 0.060
(1.535) (0.186) (0.068)

KURT.50D 0.886 0.040 −0.129∗∗∗
(0.742) (0.148) (0.044)

SKEW −5.666∗∗ −0.521 −0.091
(2.294) (0.340) (0.133)

SKEW.50D 0.265 −0.107 −0.113
(1.702) (0.374) (0.142)

ARIMA.AR1 2.004 1.188 0.509
(3.615) (0.894) (0.333)

ARIMA.AR2 −8.041∗∗ 0.312 −0.272
(3.601) (0.881) (0.344)

ARIMA.MA1 −1.519 0.798 0.408
(3.308) (0.814) (0.305)

ARIMA.MA2 −5.092∗ 0.690 −0.024
(2.882) (0.754) (0.285)

ARIMA.D1 −30.883 1.092 1.003
(19.737) (3.847) (1.123)

ARIMA.D.Z.ABS 1.307 0.011 −0.063
(1.090) (0.225) (0.070)

ARIMA.D.Z.ABŜ 2 −0.219 −0.0001 0.008
(0.180) (0.032) (0.007)

ARIMA.D1 * ARIMA.D.Z.ABS 4.430 −0.110 −0.191
(2.950) (0.555) (0.141)

ARIMA.D.Z.ABS * PRECRISIS 12.613∗∗∗ 0.020 −0.090

1As the section will show, there is no significant difference between instruments (i.e. we cannot reject
hypothesis 3, leading us to omit individual instrument analyses.
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(4.747) (0.349) (0.086)
ARIMA.D.Z.ABS * CRISIS 0.019 0.057 0.095

(0.699) (0.158) (0.060)
ARCH.LM 3.038 −8.245∗∗∗ −1.629∗∗∗

(1,808.984) (3.101) (0.591)
C.INDEX.US 1.601 −0.898 −0.463

(3.797) (1.091) (0.420)
C.INDEX.US.50D −1.236 −2.136 −3.049∗∗∗

(5.929) (1.582) (0.556)
C.INDEX.WORLD −9.186∗ −2.751∗∗ −0.732

(5.272) (1.367) (0.515)
C.INDEX.WORLD.50D −28.042∗∗∗ −8.582∗∗∗ −3.278∗∗∗

(10.314) (1.980) (0.714)
C.INDEX.EMERG −8.328 0.423 −0.025

(6.482) (1.414) (0.503)
C.INDEX.EMERG.50D 18.240∗ 9.845∗∗∗ 2.035∗∗∗

(10.807) (2.251) (0.745)
C.YS.1M3M 4.074 1.160 0.920∗

(5.363) (1.248) (0.514)
C.YS.1M3M.50D −0.414 −1.902 0.311

(6.872) (1.886) (0.741)
C.YS.3M5Y 3.126 −0.305 0.750∗

(4.283) (1.083) (0.429)
C.YS.3M5Y.50D −27.814∗∗∗ −3.699∗∗ −0.104

(10.006) (1.455) (0.572)
C.YS.5Y10Y −20.544∗∗∗ −0.218 −0.297

(6.834) (1.123) (0.492)
C.YS.5Y10Y.50D 14.580∗ 2.703 2.040∗∗∗

(8.069) (1.728) (0.751)
C.YS.10Y30Y 5.753 −1.010 0.051

(4.506) (0.997) (0.394)
C.YS.10Y30Y.50D −25.325∗∗∗ −3.363∗∗ −2.930∗∗∗

(9.365) (1.576) (0.623)
C.TIPS.5Y10Y −4.702 0.263 0.748

(6.695) (1.350) (0.603)
C.TIPS.5Y10Y.50D −8.358 −1.942 −3.330∗∗∗

(12.113) (2.189) (0.927)
C.Y.TIPS.5Y −7.729 1.809 −0.405

(7.756) (2.041) (0.835)
C.Y.TIPS.5Y.50D 60.079∗∗ 4.996 4.868∗∗∗

(23.654) (3.435) (1.348)
C.Y.TIPS.10Y 10.206 −2.053 −0.025

(7.671) (1.857) (0.757)
C.Y.TIPS.10Y.50D −19.655 3.807 −2.918∗∗

(16.458) (2.977) (1.211)
C.YS.CORP −1.112 0.020 −0.078

(3.855) (0.934) (0.339)
C.YS.CORP.50D 8.149 0.710 0.933∗

(5.999) (1.429) (0.521)
C.TBILL 6.732 0.819 1.229∗∗

(4.531) (1.135) (0.481)
C.TBILL.50D 7.173 1.347 0.743

(9.523) (1.831) (0.738)
C.LIBOR −20.956∗∗∗ −1.122 −0.564∗

(6.793) (0.796) (0.307)
C.LIBOR.50D 19.430∗∗∗ 1.946 1.597∗∗∗

(7.336) (1.344) (0.487)
C.EURIBOR −14.216∗∗ 0.113 0.121

(5.593) (0.829) (0.327)
C.EURIBOR.50D 16.737∗∗ −1.308 −1.513∗∗∗

(7.168) (1.329) (0.525)
C.OIL −14.265∗∗∗ −0.336 −0.173

(5.431) (0.915) (0.378)
C.OIL.50D 18.815∗∗ 3.364∗∗∗ 1.215∗∗

(7.782) (1.291) (0.492)
RETURN −47.768∗ 5.839 −2.358

(28.458) (5.422) (1.676)
RETURN.50D 85.774∗∗∗ 9.776∗∗∗ 5.831∗∗∗

(29.357) (3.335) (1.188)
CRISIS −302.510∗∗ 1.926 2.619∗∗∗

(145.089) (2.786) (0.660)
PRECRISIS −44.529∗∗∗ −3.740 −2.068∗∗∗

(16.844) (2.465) (0.674)
Constant −40.277 −17.362∗∗∗ −8.478∗∗∗

(27.194) (1.953) (0.455)
Observations 641 2,239 5,741
Log Likelihood −38.686 −183.915 −939.382
Akaike Inf. Crit. 209.372 499.830 2,010.764

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Firstly, it is evident that both our bid-ask spread measure as well as the volatility of the
asset are highly significant with positive coefficients, though at different time windows.
While for the level 1 data set short-term volatility has a highly significant positive effect,
on level 2 and 3 only the long-term volatility is significant. In all three cases, however, the
coefficient is highly positive, implying a higher volatility of a given asset puts its classifica-
tion closer to a commodity.
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In terms of different effects before or during the crisis, for level 1 we only observe a sig-
nificantly positive coefficient for long-term volatility before the crisis. Similar effects can
be observed on level 2, where, in addition to long-term volatility also having a significant
positive coefficient, long-term volatility during the crisis has a significantly negative co-
efficient, though it must be noted that both coefficients are less significant than both the
interaction term on level 1 as well as the non-interaction effect. Additionally the negative
coefficient has a lower absolute value than the positive one on long-term volatility, imply-
ing a dampened but still positive effect of long-term volatility on the classification during
this period. Lastly, on level 3, significant coefficients for all four interaction terms can be
observed, with all of them having a positive coefficient except for the long-term volatil-
ity and crisis interaction variable. Due to effects of short-term volatility also impacting
long-term volatility, though, the total effect of short-term volatility increasing will not nec-
essarily be positive. Furthermore, a negative effect during the crisis would be in line with
some observations from the literature (Vivian and Wohar, 2012).

Secondly, similar to the volatility effects observed, we also only see a significant effect
of the short-term bid-ask spread during on level 1, with the same coefficient being insignif-
icant on level 2 and 3. In line with our expectation evidence from and theory (Marshall
et al., 2013), the coefficient is positive, which implies that a larger average bid-ask spread,
and thus less liquidity through transaction costs, points to a given asset to be more likely to
be a commodity. For long-term liquidity, we observe a different result than for the volatil-
ity analysis above. While both level 2 and 3 again exhibit significant positive effects, the
effect on level 1 is negative, implying that higher long-term illiquidity pushes a given as-
set to be closer to a currency. However, the magnitude as well as the significance level of
the coefficient is less than for the short-term effect. As short-term liquidity is a part of the
long-term liquidity, both effects are likely to cancel out to an extent, yielding an overall pos-
itive effect. We also observe several significant periodic interactions of the bid-ask spread.
Firstly, for level 1 a higher short-term bid-ask spread has an additional significant positive
impact and the pre-crisis dummy has a significant negative impact, implying that a more
illiquid asset during the crisis was more likely to be closer to gold than before or after it.
None of the short-term interactions are significant beyond level 1, however, implying this
effect to be exclusive to gold and the Euro. Second, contrasting the results on level 1, we
observe significant coefficients for long-term interactions on level 2 and 3, with the former
only exhibiting a significant negative interaction effect for the crisis period. Similarly to
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the volatility analysis, however, this implies a closer liquidity movement of currencies and
commodities during the crisis, and, considering level 3, a stronger difference in liquidity
after the crisis compared to previous periods.

Thirdly, we observe several significant interactions of the bid-ask spread and volatility
measures for both short- and long-term on level 1 and only for the long-term on level
3. Surprisingly in light of the previous results and the high observed correlation of both
effects according to the literature (G. Wang and Yau, 2000), the interaction coefficient for
the long-run effect on level 1 is positive. As we also observed a negative long-term bid-
ask spread coefficient, however, this might again lead to an overall positive effect of the
long-term bid-ask spread similar to the other levels.

Finally, we observe mixed results for the MEC and its significance. Both the regular
and squared measures are highly significant with negative coefficients on level 1. On level
2, only the squared measure is significant with a negative coefficient, while on level 3 the
non-squared measure is significant. These results are somewhat surprising, as especially
the level 2 result implies that a larger degree of information inefficiency in either direction
makes it more likely that a given asset is closer to being a currency. Furthermore, the
coefficient on level 3 is positive, with typical market inefficiency effects, i.e. the MEC being
below 1, mapped to negative values of the feature employed here, which also implies that
a higher degree of inefficiency makes it more likely for an asset to be closer to being a
currency.

Overall, we thus observe strong evidence for both hypotheses 1 and 2a, i.e. both volatil-
ity and liquidity being highly significant differentiation features, with effects in line with
our expectations. We furthermore find some evidence for 2b, however with an effect that
is the reverse of what we expected.

In addition to the effects relevant to our hypotheses, we also observe strong differences
in significance for the other features across levels. Starting with time series features, on
level 1 the significant coefficients of both short-term skewness and excess kurtosis imply
that gold exhibits more extreme and overall higher return values in contrast to the Euro.
While there is no significant effect of both features on level 2 in both the short- and long-
run, one can observe a slightly negative significant coefficient of excess kurtosis in the
long-run for level 3 in contrast to the finding for level 1, implying extreme return values
to happen more often in currency markets. Considering other time-series features next, for
nearly all features we observe mixed effects and generally only significant values on level 1.
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While the ARIMA coefficient significances can most likely be explained by both euro and
gold having different and clearly differentiable time series processes, of additional note
here is the highly significant positive coefficient for the interaction of the t-value of the d
estimator and the crisis dummy, possibly implying that long-memory or structural break
effects were more commonly observed for gold during this period, which is in line with
findings by Arouri et al. (2012). Besides those effects being insignificant for level 2 and
3, one can however observe highly significant effects of the ARCH effect dummy, in both
cases with a negative coefficient. This implies that ARCH effects are significantly more
often observed in currencies on these levels. It must be noted, however, that the coefficient
decreases considerably in absolute value from level 2 to level 3. Considering that level 2 is a
subset of level 3, this might imply that this effect is primarily caused by either the Japanese
Yen, the British Pound or both mostly exhibiting those effects. Overall, we observe mixed
evidence in regards to differences across levels, as mostly level 1 exhibits somewhat unique
effects.

Regarding stock market interactions, we find a highly significant and negative coef-
ficient for the world stock index across levels and time periods, with the only exception
being the short-term correlation on level 3. While we cannot observe a significant effect for
the correlation with the SP 500 (except for the long-term on level 3, where we also observe a
negative coefficient), this falls exactly in line with previous evidence that commodities ex-
hibit high negative correlation with stock markets, and thus are anti-cyclical (Gorton and
Rouwenhorst, 2004). Similarly, in line with evidence that commodities move with emerg-
ing markets (Tang and Xiong, 2012), we observe highly significant and positive coefficients
for the long-term correlation of assets with the emerging market index, implying that a
higher positive correlation makes it more likely that a given asset will be classified as a
commodity. Stock effects thus can generally be considered consistent across levels and to
exhibit expected effects in line with the literature for the two asset classes.

For several yield spread change correlations we observe highly significant coefficients,
though with considerably different effects. While long-term correlations for three month
to five year and ten year to 30 year yield spreads are almost consistently across levels sig-
nificant and negative, as well as the five to ten year yield spread short-term correlation
also showing such effects, we observe several differing positive coefficients across differ-
ent terms on level 3 for both the short and long term measures. A negative coefficient
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falls in line with falling interest rates yielding higher returns for commodities, which fol-
lows some results in the literature (Belke et al., 2014). However, as also discussed, similar
effects would be expected for currencies, making the rather consistent results across the
board for some of the measures rather surprising, but on the other hand being a possible
explanations for the effects observed on level 3. Another explanation for the level 3 re-
sults could furthermore be different impacts of short- mid- and long-term yield spreads,
as captured through the different measures. For the TIPS five-year to ten-year spread, we
observe inconsistent and mostly insignificant effects with the exception of level 3, implying
the effects of yield spreads are mostly captured by regular bond yield spreads. Lastly, we
observe highly significant and positive coefficients for the spread between nominal gov-
ernment bonds and TIPS. While these effects are somewhat consistent for the five-year
spread, with both level 1 and 3 exhibiting high positive and significant effects following
evidence found by scholars such as Tully and Lucey (2007), we observe a significant nega-
tive effect for the 10-year spread, implying conflicting effects for different time periods of
inflation expectations. As already mentioned, however, this might also be a symptom of
the liquidity issues with TIPS mentioned in the literature and reflect a liquidity premium
effect (D’Amico et al., 2014). The corporate bond credit default spread does not show any
significance nearly across the board, with a positive significant coefficient only observed
on level 3 for the long-term measure, implying that positive correlation with an increasing
credit default spread is more associated with commodities. While such effects fall in line
with previous observations, those were mostly limited for gold (Levin et al., 2006), where
we do not observe a significant effect on level 1. Concluding our analysis of yield spreads,
we consider the short-term interest rate measures, where we observe conflicting signs in
coefficients and inconsistent significances even for the same feature. The significance of
both EURIBOR rates on level 1 is not surprising, considering we compare the Euro with
another asset. However, the fact that for level 2 none of our measures are significant is sur-
prising in this context, as the Euro could reasonably be expected to still put a considerable
influence on results in this basket. Overall, interest rates seem to exhibit inconsistent effects
across different levels and not fit perfectly in line with theory, though as already discussed
in the methodology section for most of these measures no clear previous expectation could
be identified, with some expected effects being the same across classes.

Finally, we observe a positive significant coefficient for correlations with oil in the long-
term measure, which falls in line with empirical co-movement evidence, i.e. Hammoudeh
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et al. (2010). However, for level 1 we also observe a significant negative coefficient of the
short-term measure, though with a smaller magnitude. Combined with only the long-term
measure being significant on the other levels with a coefficient much smaller in magnitude,
an overall positive effect could also be expected for level 1 due to, again, the long-term
measure incorporating changes of the short-term measure to an extent.

Overall, the above discussion and our results provides strong evidence for significant
differences in features across levels, with differing coefficients for some variables across
levels. We thus find considerable, though not conclusive, evidence contradicting both hy-
potheses 4a and 4b, i.e. that features differ significantly across asset sub-classes and even
have differently signed effects and magnitude in some cases, but also that several features
are highly significant across levels with the same coefficient, in particular volatility, liq-
uidity, oil and stock market correlations. Furthermore, effects with unclear expectations,
i.e. interest rates and inflation expectations, show mixed effects across and within levels,
making it difficult to evaluate total effects. However, in some cases we can clearly identify
effects of a feature being related to a certain sub-class of assets, i.e. the interaction of EURI-
BOR and the Euro on level 1. Overall, we conclude that evidence on the effect on different
sub-classes is mixed.

Lastly, we quickly want to discuss the effects on our control variables. We firstly observe
a highly significant and positive effect of returns in the long-term, and a significant negative
effect in the short-term on level 1. The positive coefficients imply that better performing
assets are more likely to be commodities during the observed period, which falls in line
with the observed price boom of commodities during the 2000s, while we also expect the
negative short-term coefficient of level 1 to have less of an impact through its interaction
with the corresponding long-term coefficient. Additionally, we observe significant effects
in the constant term as well as the crisis and pre-crisis dummies. Those effects, however,
are most likely driven by the unbalance of commodities and currencies in the data set and
thus serve mainly to account for this bias.
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5.2 Machine learning analysis

5.2.1 Classification across financial instruments

As laid out in the methodology, to test hypothesis 3 we compare the performance of our
models across different trading instruments by comparing whether the error rates trained
on the four data sets differ significantly. Table A.23 in the appendix shows the average
errors across classes within each approach, and Table 5.2 provides a summary of Mann-
Whitney-Wilcoxon Test.

TABLE 5.2: Mann-Whitney-Wilcoxon Test for error rates on the two classes,
coming from each of the four approaches.

Approach 1 Approach 2 Class predicted Wilcoxon statistic P-value

Mixed Main Currencies 64006.5 0.36
Mixed Main Commodities 44987.5 0.168
Mixed Futures Currencies 65175.5 0.614
Mixed Futures Commodities 45057 0.178
Main Futures Currencies 67729 0.695
Main Futures Commodities 48137 0.969
Main Spots Currencies 44552.5 0.833
Main Spots Commodities 33871.5 0.967

Mixed Spots Currencies 43078 0.365
Mixed Spots Commodities 31245.5 0.135

Futures Spots Currencies 43318.5 0.428
Futures Spots Commodities 32593 0.481

One cannot reject the null hypothesis that each pair of error rates series are identical
at an alpha level of 0.05, thus the error rates of the algorithms belonging to the four ap-
proaches do not differ significantly across asset classes.

Furthermore, we also cannot reject the null hypothesis that error rates of both currency
futures and spots and commodity futures and spots are identical at an alpha level of 0.05.
Thus, the algorithm can correctly classify currencies and commodities independent from
their underlying instrument and commodities from their underlying instrument.

Overall, the differences in performances across the four approaches (also see Tables
A.24, A.25, A.26, A.27, A.28 and A.29 in the appendix) are comparable, and we thus fail
to reject hypothesis 3. Therefore we continue the analysis with the mixed approach, i.e.
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including both spot and future assets in the data set, since it has a slightly lower average
error rate than the other approaches.

5.2.2 Best models selection

After training was performed with fine-tuning grids and optimal parameters were selected
(see Tables A.33, A.34, A.35, A.36, A.37, A.38 and A.39 in the appendix), an analysis of the
cutoff points was performed.

As it can be seen from Table A.40 and A.41 in the appendix, even after adjusting the
cutoff point based on the cross-validation set during training, certain models still exhibit
higher False Positive Rates (FPR) compared to False Negative Rates (FNR), namely those
trained on level 1 assets and tested on level 2 assets, and those trained on level 3 assets
and tested on level 4 assets. Thus, a study of the ROC curves was conducted in order to
determine if any improvement in the FPR to FNR ratios can be achieved.

In the case of SVM models, no further adjustment could be made to the prior proba-
bilities. In the case of ANN models, however, the ROC curve was studied for hyperbolic
tangent ANN models trained on level 2 and 3 assets. As it can be seen from Figure 5.1, the
threshold was adjusted from 0.993 to 0.9845 on level 2 and from 0.313 to 0.4887 on level 3.

Out of five models, only two were be chosen per level, namely the best performing
SVM model and the best performing ANN model based on average error, comparison of
FPR and FNR, and consistency in the evolution of its performance on higher levels. Table
5.3 shows the best performing models that were selected on each level. A more detailed
comparison of models can be found in the appendix (Tables A.30, A.31 and A.32).

TABLE 5.3: Error rates of best models chosen

Level trained Best model Error on level 2 Error on level 3 Error on level 4

Level 1 Polynomial kernel 4.325 11.004 19.996
Logistic NN 5.936 11.875 20.271

Level 2 RBF kernel − 11.357 17.703
Logistic NN − 13.338 19.958

Level 3 Polynomial kernel − − 11.532
Logistic NN − − 12.808



Chapter 5. Analysis 91

0.984
0.993

(A) ROC curve of hyperbolic tangent ANN
trained on level 2

0.313
0.488

(B) ROC curve of hyperbolic tangent ANN
trained on level 3

FIGURE 5.1: Thresholds of hyperbolic tangent neural network models

Table 5.3 shows how the performance of a model trained on a specific level evolves with
the level being tested on. It can be seen that models trained on level 1 and tested on level 2
have a low error rate but further increasing error rates with a move to more diverse assets
from levels 3 and 4, hinting at the stronger similarity between level 1 and level 2 assets (gold
and precious metals, and Euro and other "global" currencies, respectively). Additionally,
the models trained on a large and diversified group of assets of level 3 perform well on
level 4 assets, showing good generalization power.

5.3 Feature significance

Adding to the logistic regression analysis, we study the importance of identified features
that we hypothesize to have discriminatory power in classifying assets as currencies or
commodities. By this we provide further evidence for hypotheses 1, 2a and 2b by primarily
using the significance of the KS-statistic as described in the methodology.
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TABLE 5.4: Two-sample Kolmogorov-Smirnov test results of level 1 ANN and
SVM models

Variables SVM KS-statistic Variables ANN KS-statistic

STD.50D 0.731 ∗∗∗∗ STD.50D 0.768 ∗∗∗∗
STD 0.671 ∗∗∗∗ STD 0.703 ∗∗∗∗
BIDASK.CS.50D 0.637 ∗∗∗∗ BIDASK.CS.50D 0.703 ∗∗∗∗
BIDASK.CS 0.458 ∗∗ BIDASK.CS 0.524 ∗∗∗∗
SKEW.50D 0.455 ∗∗ SKEW.50D 0.455 ∗∗
RETURN 0.452 ∗∗∗ RETURN 0.452 ∗∗∗∗
C.INDEX.US 0.44 ∗∗∗ KURT.50D 0.427 ∗∗
C.YS.CORP 0.436 ∗∗∗ C.YS.3M5Y.50D 0.397 ∗∗
KURT.50D 0.427 ∗∗ MEC.5D.MOD 0.374 ∗
C.YS.3M5Y.50D 0.39 ∗∗ C.LIBOR 0.374 ∗
C.Y.TIPS.5Y.50D 0.364 ∗ C.INDEX.US 0.374 ∗
C.LIBOR 0.364 ∗ RETURN.50D 0.367 ∗
C.TBILL.50D 0.361 ∗ C.Y.TIPS.5Y.50D 0.364 ∗
C.YS.CORP.50D 0.356 ∗ C.LIBOR.50D 0.349 ∗
RETURN.50D 0.355 ∗ C.YS.CORP 0.346 ∗
C.INDEX.WORLD.50D 0.346 ∗ C.YS.5Y10Y.50D 0.341 ∗
C.INDEX.US.50D 0.339 ∗ C.Y.TIPS.10Y.50D 0.33
C.Y.TIPS.10Y.50D 0.33 ∗ C.INDEX.WORLD.50D 0.33 ∗

Significance levels: **** p ≤ 0.0001, *** p ≤ 0.001, ** p ≤ 0.01, * p ≤ 0.05

From Table 5.4 2,3 it can be observed that for level 1 SVM and ANN models, volatility
as measured through both the short- and long-term measure, as well as liquidity as mea-
sured through the bid-ask spread for both the short- and long-term are highly statistically
significant and played the most important role in the classification. Additionally, the MEC,
reflecting liquidity through information efficiency, is also significant at 0.05 in the case of
the ANN model but not for the SVM models.

Figure 5.24 describes the relationship between the features and the classification output
using the Olden measure and, as expected, both volatility and the bid-ask spread have a
positive contribution towards classifying an asset as a commodity.

The sign of the contribution of above features seems to be largely in line with the results

2The complete tables can be found in Appendix Tables A.42 and A.46
3A complementary ranking of the features using the F-score measure can be found in Table A.42 and A.46
4The complete Olden figure can be found in Appendix Figure A.1
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FIGURE 5.2: Contribution of the 20% upper and lower quantiles features
within level 1 logistic neural network

of the logistic regression for level 1 assets, and provide further evidence for their interpre-
tation. As one can see, the long-term return, emerging markets correlation and short-term
kurtosis have a positive contribution, while the correlation with the MSCI World index
both in the short- and long-term, the short-term LIBOR correlation, the second ARFIMA
AR coefficient and the crisis dummy have a negative contribution, the latter, similarly as
in the logistic regression, potentially implying that corresponding interactions and thus
crisis-driven effects contribute less towards a commodity and more towards a currency
classification or offsetting other effects. Moreover, the yield spread between 10-year bonds
and 30-year bonds has a negative contribution, which is also in line with results of Calvo
and Reinhart (2000) and Belke et al. (2014). On the other hand, the market efficiency coef-
ficient has a negative contribution in the logistic regression but a positive one in the ANN
model while being significant in both. Similarly, the long-term bid-ask spread measure in
the logistic regression model has a negative effect, but is also significant in the K-S test in
the ANN and has a positive contribution towards the classification of an asset as a com-
modity. These oddities might reflect a total contribution of the measure reflected through
interactions in the logistic regression, but also include additional nonlinear relationships
not implemented.
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Table 5.55presents the case of level 2 models. As in the case of level 1, standard deviation
and bid-ask spread (both 1-month and 50-days measures) are highly significant at 0.0001

for both models, thus hypotheses 1 and 2a cannot be rejected for this level either.
The market efficiency coefficient is not statistically significant for both SVM and ANN,

which is mostly in line with the results for level 2 in the logistic regression, which, however,
still considering the squared MEC measure to be significant. The evidence for 2b thus is
overall mixed.

On the other hand, the correlation with ARCH effects, as suggested by Domowitz1998
and with the MSCI World index have the same negative sign in the logistic regression
and the ANN measured through the Olden measure, but are only significant in the former
model and insignificant in the K-S test.

There are some further notable differences between level 1 and level 2 results. As three
new precious metals are added, the correlation with the emerging markets coefficient,
which was not significant in level 1, becomes significant on level 2, possibly since many
emerging markets are heavy exporters of some of those metals, while the correlation with
LIBOR, which was significant in level 1 becomes insignificant in level 2, potentially as the
pool of currencies is more diversified. The correlation with oil, which was not significant in
level 1 becomes significant in level 2, which could be explained by stronger co-movements
between oil and some of the non-gold precious metals, and in line with results by Ji and Y.
Fan (2012). Furthermore the correlation with MSCI World becomes insignificant. These re-
sults on level 2 are mostly line with the ones from the logistic regression on level 2, however
with some significant differences, i.e. in regards to the significance of the aforementioned
World index.

From Figure 5.36 one can see that the sign of the standard deviation and bid-ask mea-
sures remains positive.

Lastly, Table 5.67 presents the case of level 3 models. As in the case of levels 1 and
2, standard deviation and bid-ask spread for both the short- and long-term measures are
again highly significant at 0.0001 for both models, providing further evidence for 1 and 2a.

5The complete table can be found in Appendix Tables A.43 and A.47. A complementary ranking of the
features using the F-score measure can be found in Tables A.43 and A.47

6The complete Olden figure can be found in Appendix Figure A.2
7The complete tables can be found in Appendix Tables A.45 and A.48. A complementary ranking of the

features using the F-score measure can be found in Tables A.45 and A.48
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TABLE 5.5: Two-sample Kolmogorov-Smirnov test results of level 2 ANN and
SVM models

Variables SVM KS-statistic Variables NN KS-statistic

STD.50D 0.865 ∗∗∗∗ STD.50D 0.886 ∗∗∗∗
STD 0.801 ∗∗∗∗ BIDASK.CS.50D 0.807 ∗∗∗∗
BIDASK.CS.50D 0.771 ∗∗∗∗ STD 0.795 ∗∗∗∗
BIDASK.CS 0.709 ∗∗∗∗ BIDASK.CS 0.707 ∗∗∗∗
RETURN 0.417 ∗∗∗∗ RETURN 0.426 ∗∗∗∗
C.YS.3M5Y.50D 0.383 ∗∗∗∗ C.YS.3M5Y.50D 0.39 ∗∗∗∗
C.OIL.50D 0.347 ∗∗∗∗ C.OIL.50D 0.366 ∗∗∗∗
SKEW.50D 0.344 ∗∗∗∗ SKEW.50D 0.354 ∗∗∗∗
C.YS.3M5Y 0.338 ∗∗∗∗ C.YS.3M5Y 0.323 ∗∗∗∗
KURT.50D 0.333 ∗∗∗∗ KURT.50D 0.321 ∗∗∗∗
RETURN.50D 0.302 ∗∗∗∗ RETURN.50D 0.308 ∗∗∗∗
C.Y.TIPS.5Y.50D 0.299 ∗∗∗∗ C.YS.10Y30Y 0.303 ∗∗∗∗
C.YS.10Y30Y 0.288 ∗∗∗∗ C.Y.TIPS.5Y.50D 0.298 ∗∗∗∗
C.Y.TIPS.10Y.50D 0.283 ∗∗∗ C.Y.TIPS.10Y.50D 0.284 ∗∗∗∗
C.Y.TIPS.5Y 0.276 ∗∗∗∗ C.Y.TIPS.5Y 0.259 ∗∗
C.Y.TIPS.10Y 0.247 ∗∗∗ C.Y.TIPS.10Y 0.236 ∗∗
C.OIL 0.209 ∗ C.INDEX.EMERG.50D 0.229 ∗∗
C.INDEX.EMERG.50D 0.201 ∗ C.OIL 0.218 ∗∗
C.YS.10Y30Y.50D 0.198 ∗ C.YS.10Y30Y.50D 0.216 ∗∗
C.YS.5Y10Y 0.192 ∗ C.YS.5Y10Y.50D 0.205 ∗
C.INDEX.EMERG 0.19 ∗ C.TIPS.5Y10Y 0.205 ∗∗
C.YS.5Y10Y.50D 0.179 ∗ C.INDEX.EMERG 0.202 ∗
C.TBILL 0.156 C.YS.5Y10Y 0.192 ∗

Significance levels: **** p ≤ 0.0001, *** p ≤ 0.001, ** p ≤ 0.01, * p ≤ 0.05

However, the MEC is again not statistically significant in either SVM and ANN, thus
resulting in evidence to reject H2b for level 3 entirely, as the measure is clearly significant
in the logistic regression model.

The results are again in line with the ones from logistic regression, except for the market
efficiency coefficient, kurtosis the and crisis dummy. Even if the crisis dummy was never
significant in the KS tests, it always had the most negative contribution in terms of weights
for all 3 levels, as can be seen from Figure 5.48, suggesting that the main positive drivers of
the classification, standard deviation and the bid-ask spread, had exacerbated values dur-
ing the crisis, as suggested by Mancini et al. (2013) and Melvin and Taylor (2009), which

8The complete Olden figure can be found in Appendix Figure A.3
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FIGURE 5.3: Contribution of the 20% upper and lower quantiles features
within level 2 logistic neural network

were offset by the high negative weight of the crisis dummy. Another interesting result
is the statistical significance of the long-memory feature, which has a negative contribu-
tion, implying that currencies have a tendency for increased long memory, as supported
by Cheung (1993) and Choi, Yu, et al. (2010). This result is in line with the logistic regres-
sion, where long memory effects also are significant on level 3.

5.4 Prediction performance on out-of-sample assets

Tables 5.7 and A.49 show the performance of the algorithm trained on EUR and gold solely,
and then tested on level 2 assets, namely silver, platinum and palladium, GBP and JPY.
Despite Sari et al. (2010) suggesting that the four precious metals are too different to be
considered a single asset class or combined in a single commodity index, the algorithm
is able to almost perfectly predict silver and palladium, which could be explained by the
consistent co-movement between the precious metals (G. Wang and Yau, 2000). This result
is also in consistent with claims by Hammoudeh et al. (2010) that precious metals can be
considered as one class. Furthermore, the small differences between the classification error
of asset spots and futures is further confirmation of our hypothesis that the classification is
invariant to the underlying instrument used.
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FIGURE 5.4: Contribution of the 20% upper and lower quantiles features
within level 3 logistic neural network

Tables 5.8 and A.51 show predictions when considering level 2, namely the algorithm
trained on EUR, JPY, GBP, gold, platinum, palladium and silver, and then testing on level
3 assets, including energy and agricultural commodities and diverse currencies, including
some from emerging markets.

It should be noted, however, that testing level 2 models on level 4 assets (and also level
1 models on level 3 and 4 assets) leads to a discrepancy between error rates of currencies
versus commodities, as it can be seen in Tables A.53, A.54, A.55 and A.56 in appendix. The
difference between the error rates on currencies and commodities could come as a result
of attempting to classify increasingly diversified baskets of assets using models trained on
a restrictive set. The discrepancy is higher in the case of currencies, since they may be
more volatile and less liquid compared to the currencies used in the training set, which
make up a considerable fraction of total foreign exchange volume (BIS, 2013). On the other
hand, commodities are much more globalized and may have very large markets compared
to some of the currencies, with differences between baskets expected to come mostly from
different supply and demand drivers instead of significantly large differences in liquidity
and volatility. Ultimately, as we have shown that liquidity is one of the main differentiating
factors in the classification, a less liquid currency might be misclassified as a commodity
due to this consideration.

Since level 3 was trained on a diversified data set which included commodities from
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various sectors and large currencies from both developed and emerging markets, it has a
good performance predicting assets of level 4, with the exclusion of UAH. The possible
explanation for the Ukrainian Hryvnia being highly misclassified is the recent switch from
a dollar peg to a floating regime in 20159, which led to high uncertainty and thus volatility.
Moreover, due to data availability, only 22 monthly viable observations could be tested, of
which 13 are from the period after switching to a floating regime from the unofficial peg.

9Reuters (2015)
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TABLE 5.6: Two-sample Kolmogorov-Smirnov test results of level 3 ANN and
SVM models

Variables SVM KS-statistic Variables ANN KS-statistic

STD.50D 0.842 ∗∗∗∗ STD.50D 0.814 ∗∗∗∗
STD 0.799 ∗∗∗∗ STD 0.792 ∗∗∗∗
BIDASK.CS.50D 0.721 ∗∗∗∗ BIDASK.CS.50D 0.697 ∗∗∗∗
BIDASK.CS 0.662 ∗∗∗∗ BIDASK.CS 0.67 ∗∗∗∗
RETURN 0.345 ∗∗∗∗ RETURN 0.336 ∗∗∗∗
C.INDEX.WORLD.50D 0.266 ∗∗∗∗ C.INDEX.WORLD.50D 0.264 ∗∗∗∗
RETURN.50D 0.265 ∗∗∗∗ RETURN.50D 0.26 ∗∗∗∗
C.INDEX.WORLD 0.251 ∗∗∗∗ C.YS.10Y30Y.50D 0.249 ∗∗∗∗
C.YS.10Y30Y 0.221 ∗∗∗∗ C.INDEX.WORLD 0.236 ∗∗∗∗
C.YS.10Y30Y.50D 0.217 ∗∗∗∗ C.YS.10Y30Y 0.234 ∗∗∗∗
C.INDEX.US.50D 0.208 ∗∗∗∗ C.INDEX.US.50D 0.211 ∗∗∗∗
C.YS.3M5Y.50D 0.193 ∗∗∗∗ C.YS.5Y10Y 0.2 ∗∗∗∗
C.INDEX.US 0.187 ∗∗∗ C.YS.3M5Y.50D 0.191 ∗∗∗∗
C.YS.5Y10Y.50D 0.187 ∗∗∗∗ C.YS.3M5Y 0.175 ∗∗∗∗
C.YS.3M5Y 0.182 ∗∗∗∗ C.YS.5Y10Y.50D 0.171 ∗∗∗∗
C.YS.5Y10Y 0.181 ∗∗∗∗ C.INDEX.EMERG.50D 0.169 ∗∗∗∗
C.INDEX.EMERG.50D 0.169 ∗∗∗∗ C.INDEX.US 0.167 ∗∗
C.TIPS.5Y10Y 0.134 ∗ C.TIPS.5Y10Y 0.144 ∗∗
C.INDEX.EMERG 0.133 ∗ C.OIL.50D 0.137 ∗
C.OIL.50D 0.133 ∗ ARIMA.D.Z.ABS 0.13 ∗
C.TBILL 0.129 ∗ C.INDEX.EMERG 0.13 ∗
SKEW.50D 0.126 ∗ C.YS.CORP 0.129 ∗
KURT.50D 0.122 ∗ C.OIL 0.126 ∗
C.YS.CORP 0.121 ∗ C.YS.CORP.50D 0.118 ∗
C.Y.TIPS.5Y.50D 0.118 ∗ C.Y.TIPS.5Y 0.113
C.OIL 0.115 ∗ C.Y.TIPS.5Y.50D 0.113

Significance levels: **** p ≤ 0.0001, *** p ≤ 0.001, ** p ≤ 0.01, * p ≤ 0.05
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TABLE 5.7: Classification of level 2 assets using polynomial kernel SVM model
of level 1

Commodities Error Rate % Currencies Error Rate %

PLATINUM.FUTR 4.32 JPY.FUTR 13.33
PLATINUM.SPOT 8.33 JPY.SPOT 11.41
PALLADIUM.FUTR 0 GBP.FUTR 3.60
PALLADIUM.SPOT 0 GBP.SPOT 2.26
SILVER.FUTR 0 − −
SILVER.SPOT 0 − −
Average error 2.11 Average error 7.65

TABLE 5.8: Classification of level 3 assets using RBF kernel SVM model of level
2

Commodities Error Rate % Currencies Error Rate %

OATS.FUTR 0 CHF.FUTR 6.19
CORN.FUTR 5.11 CHF.SPOT 5.88
RICE.FUTR 6.90 MXN.FUTR 14.29
COFFEE.FUTR 3.51 MXN.SPOT 11.11
MILK.FUTR 20 INR.FUTR 0
LIVECATTLE.FUTR 34.75 INR.SPOT 3.40
LEANHOG.FUTR 2.84 SEK.FUTR 3.17
GAS.FUTR 1.57 SEK.SPOT 9.09
HEATOIL.FUTR 1.39 RMB.FUTR 6.25
ETHANOL.FUTR 9.41 RMB.SPOT 0
LUMBER.FUTR 2.84 TRY.SPOT 17.02
COPPER.FUTR 4.29 CLP.SPOT 4.20

Average error 7.72 Average error 6.72
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TABLE 5.9: Classification of level 4 assets using polynomial kernel SVM model
of level 3

Commodities Error Rate % Currencies Error Rate %

WHEAT.FUTR 0 ARS.SPOT 15.33
SOYBEAN.FUTR 0.63 PHP.SPOT 0.62
RUBBER.FUTR 0 COP.SPOT 19.58
LEAD.FUTR 1.98 SGD.SPOT 0
ZINC.FUTR 2.83 CZK.SPOT 8.49
TIN.FUTR 3.45 HUF.SPOT 6.98
GASOLINE.FUTR 0 THB.SPOT 0
FEEDERCATTLE.FUTR 28.30 HRK.SPOT 9.38

UAH.SPOT 90.48

Average error 4.65 Average error 16.76

Without UAH.SPOT, average error on currencies is 7.55%.

TABLE 5.10: Classification of level 4 assets using logistic ANN model of level
3

Commodities Error Rate % Currencies Error Rate %

WHEAT.FUTR 0.63 ARS.SPOT 12.67
SOYBEAN.FUTR 3.77 PHP.SPOT 0
RUBBER.FUTR 1.87 COP.SPOT 17.48
LEAD.FUTR 5.94 SGD.SPOT 0
ZINC.FUTR 4.72 CZK.SPOT 11.32
TIN.FUTR 3.45 HUF.SPOT 6.98
GASOLINE.FUTR 1.90 THB.SPOT 0
FEEDERCATTLE.FUTR 40.88 HRK.SPOT 7.50

UAH.SPOT 80.95

Average error 7.90 Average error 15.21

Without UAH.SPOT, average error on currencies is 7.00%.
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5.5 Prediction on Bitcoin and other study cases

In this section we will employ the best performing SVM and ANN models to predict the
classification of three cases considered in the literature review. As already mentioned, the
only case discussed in the literature that we will not analyze in this section will be the So-
mali Shilling. While in itself a highly interesting case of synthetic commodity money, a lack
of data for the interesting period, namely before 2012, hinders us to conduct a meaningful
quantitative analysis.

5.5.1 Classification of Bitcoin

As discussed in section 2.1.2, one of the main arguments against its classification as a cur-
rency stems from its high volatility. This has lead some scholars to comparing Bitcoin to
precious metals, in particular gold (Maurer et al. (2013); Yermack (2013)), but also on the
other hand to various researchers upholding Bitcoin’s currency properties (Wiseman (2016)
and Kaplanov (2012)). Furthermore, evidence has emerged that Bitcoin might become more
efficient over time, implying a potential change in classification (Urquhart, 2016).
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FIGURE 5.5: Bitcoin classification based on the logistic neural network model
of level 1, cutoff probability 0.937



Chapter 5. Analysis 103

Curr

Com
Curr

Com
Curr

Com
Curr

Com
Curr

Com

2012 2014 2016
Time

C
la

ss
 p

ro
ba

bi
lit

y

Legend:
XBT.BFX
XBT.GOX
XBT.BB.SPOT
XBT.CDK
XBT.BST

FIGURE 5.6: Bitcoin classification based on the polynomial kernel SVM model
of level 1, cutoff probability 0.762
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FIGURE 5.7: Bitcoin classification based on the logistic neural network model
of level 2, cutoff probability 0.787
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FIGURE 5.8: Bitcoin classification based on the RBF kernel SVM model of level
2, cutoff probability 0.822
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FIGURE 5.9: Bitcoin classification based on the Polynomial kernel SVM model
of level 2, cutoff probability 0.753
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FIGURE 5.10: Bitcoin classification based on the logistic neural network model
of level 3, cutoff probability 0.533
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FIGURE 5.11: Bitcoin classification based on the polynomial kernel SVM model
of level 3, cutoff probability 0.476

As it can be seen from Figures 5.5, 5.6, 5.7, 5.8, 5.9, 5.10 and 5.11, both ANN and SVM
algorithms classify all Bitcoin series consistently as commodities, with all the class proba-
bilities being above the cutoff threshold for the whole periods studied (see Table A.59 and
A.60 in the appendix). Thus we can conclude that Bitcoin has the dynamics of a commodity
or is more similar to it, and cannot reject Hypothesis H5a. Additionally, Tables A.57 and
A.58 provide an overview of Bitcoin’s average yearly classification over the period studied.

These results are in line with the literature which claims that Bitcoin is too volatile to be
considered a currency, this also being reflected by the average standard deviation of Bitcoin
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series being much larger (0.0405) compared to that of currencies used in training over the
studied period (0.0056) and at the same point much closer to that of commodities studied
over the same period (0.0164). Additionally, liquidity follows the same pattern, with the
average bid-ask spread of Bitcoin series (0.0161) being much larger than that of currencies
and closer to that of commodities over the same period (Table A.13). These results are also
in line with Yermack (2013) and Dowd and Hutchinson (2015).

However, it seems that hypothesis 5b, i.e. a recent change in the classification of Bitcoin
towards currency, does not hold, since it appears that Bitcoin is continuously classified as a
commodity throughout the testing period, starting 27/9/2010 and ending 30/5/2016, also
confirmed by the fact that the two level 3 models used for testing behave the same in classi-
fying all 5 Bitcoin series tested. Additionally, models of level 1 and 2 also classify Bitcoin as
a commodity throughout the period tested, except for level 2 radial basis function kernel
SVM, which classifies Bitcoin as a currency in some instances, thus not being consistent
with all the other models on all levels.

The first step in understanding why this is happening is through a comparison of the
features that played a significant role in each classifier when moving from one level to the
next. By comparing Tables A.42, A.44 and A.45, one can see that volatility and liquidity
measures are always top-ranked across all levels, however there is an increase in the sig-
nificance of the 50-day oil correlation measure and 50-day correlation with the TIPS 5-year
and 10-year yields on level 2, which could be accountable for this fluctuation in classifica-
tion.

For comparison purposes, we also present the feature significance of the level 2 model
trained with a polynomial kernel in Table A.44, and Bitcoin’s classification using this model
in Figure 5.9. Interestingly, the three aforementioned features are also highly significant
in the polynomial kernel model on level 2, showing that this might be a characteristic of
level 2 assets. In comparison with the prediction of the radial basis function kernel SVM,
which has similar significant features, Bitcoin is perfectly classified as a commodity in the
polynomial case.

With this in mind, the immediate conclusion is that this issue stems from the nature
of the radial basis function kernel SVM classifier itself, which is reported by Cawley and
Talbot (2010) and Amami et al. (2015) to be sensitive to noise and small changes in the
training data. Even though during the fine-tuning step the parameters of the radial basis
function kernel were carefully chosen, the accuracy metric that was used to select the best
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candidate model from each classifier type does not seem to be able to account for such
potential variations in the whole population of assets.

While we reject Hypothesis 5b for 5 out of 6 classifiers, it is not clear whether the isolated
case in which the classification of Bitcoin fluctuates throughout time is indeed a reflection
of reality or the result of a weakness in the model.

5.6 Commodity-currencies

As discussed, there are other assets in the market where the classification is uncertain or
which exhibit features of another asset class, namely commodity currencies. These are of-
ten considered to be heavily driven by factors influencing commodity markets Cashin et
al. (2004). In particular, we have chosen to study Australian dollar (major exporter of coal,
gold and aluminium), Canadian dollar (major exporter of wood, aluminium and wheat),
Norwegian krona (major exporter of petroleum, natural gas and fish), Icelandic Krona
(fish, aluminium and shrimp), Russian ruble (petroleum, gas)MIT (2016) , South African
Rand (gold, coal, iron), Brazilian real (iron, coffee and aluminium) and Indoneasian rupiah
(petroleum, natural gas and rubber). Summary statistics for all of these currencies can be
found in Tables A.61, A.62, A.63 and A.64 in the appendix.
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FIGURE 5.13: Commodity currencies spots classification based on the polyno-
mial kernel SVM model of level 3, cutoff probability 0.476

Our results imply indeed a mixed classification as it can be seen from Figures 5.12 and
5.13, with currencies being clearly influenced by the dynamics of the underlying commod-
ity to an extent. However, we also observe a clear trend towards a currency classifica-
tion in most cases. Tables A.66 and A.67 show the overall error rates assuming that these
commodity-currencies are indeed currencies. Comparing the error rates of most commod-
ity currencies with currency tests for level 3 as seen from 5.9 and 5.10, and thus evaluating
and comparing their deviation from currencies, we can observe higher error rates for most
commodity currencies than the results we receive for the currencies tested. Therefore, we
can overall say that commodity currencies seem to exhibit considerable commodity dy-
namics, which is recognized by our algorithm.

5.7 Carbon permits

The third case we considered are carbon permits. As it can be seen from Figures 5.14, 5.15
and Table A.65, carbon permits have been consistently classified as commodities by both
SVM and ANN models of all levels. This seems to be in contrast with previous claims by
Button (2008) and Victor and House (2004), but seems to be in line with the arguments of
Gronwald et al. (2011) who states that carbon emission permits are more comparable with
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commodities as they artificially scarce due to there being established a maximum number
of permits granted, which expire at the end of their commitment period.

While Figures A.16, A.17, A.14, 5.14 and 5.15 show that carbon emission allowances
are consistently classified (as their probabilities are above the cutoff threshold) in all level
1 models, level 3 models and level 2 ANN model, it seems that carbon allowances follow
the same behaviour as Bitcoin on the RBF model of level 2 (A.15). This can be taken as
additional confirmation that level 2 radial basis function kernel SVM classifier is not a good
choice for our classification task 10.
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FIGURE 5.14: Carbon emission allowances classification based on the logistic
neural network model of level 3

Curr

Com

2010 2012 2014 2016
Time

C
la

ss
 p

ro
ba

bi
lit

y

Legend:
CARBON

FIGURE 5.15: Carbon emission allowances classification based on the polyno-
mial kernel SVM model of level 3

10A summary of the yearly average class probabilities for carbon emission allowances can be found in Table
A.65 in the appendix.
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6 Discussion

6.1 Implications of results

Our results imply that volatility and liquidity are statistically significant across both the lo-
gistic regression model and the machine learning algorithms, and consistently also implied
to be the most important features that contributed to asset classification, with volatility
having a positive and liquidity, as reflected through the bid-ask spread, having a negative
contribution towards classification as a commodity. This provides strong evidence for both
hypotheses 1 and 2a. Furthermore, this has proven to be in line with past research and
economic assessment regarding Bitcoin, as many of the discussions regarding its classifica-
tion revolve around its high volatility (Yermack, 2013). However, it must also be noted that
evidence on 2b has been mixed, i.e. the effect of liquidity as reflected through information
inefficiency has not consistently been shown to have a significant influence on classifying a
given asset, while at the same time also showing effects in different directions across differ-
ent model specifications. It thus seems like liquidity is mainly a differentiation feature in
the sense of transaction costs, while overall information inefficiency differs across a single
asset class or is very similar for both commodities and currencies.

The implications of this result are two-fold. It firstly confirms some past evidence on
this issue and the general notion of commodities being more volatile than exchange rates
as well as being less liquid in an academic framework. Depending on the cause of this rela-
tionship, i.e. if foreign exchange markets are more stable due to government intervention
(Calvo and Reinhart, 2000) or if this is a market-driven feature, this would have interest-
ing implications on both policy making as well as the adoption of certain exchange rate
regimes, in particular in regards to linking the rate to a commodity. Secondly, it potentially
provides evidence for common liquidity and volatility patterns across different foreign ex-
change and commodity markets, as it has been observed in the past (Marshall et al. (2013),
Mancini et al. (2013)). Spillover effects might exist, as found across classes by for the post-
crisis period by Diebold and Yilmaz (2012), making the degree to which such effects are
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observed a very consistent classification feature.
We furthermore observed that our classification algorithm consistently worked across

different trading instruments, namely spot and future markets, which was what we tested
in hypothesis 3. While high correlations between spot and future markets have been shown
in the past, some authors also derive and claim that they exhibit considerable differences
which even leads to an investor not being exposed to the corresponding underlying asset
in the case of future markets (Gorton and Rouwenhorst, 2004). However, our result im-
plies that the underlying asset still dominates the market dynamics of the instrument, with
little difference observed between models that consider sets focused on a certain basket of
instruments. It thus can be concluded that future markets still expose an investor to the un-
derlying asset and its dynamics to a high degree, making them a good choice for portfolios
which aim to have exposure to these assets.

In the context of hypotheses 4a and 4b, we observe several effects that are similar across
levels and classes, implying that common market drivers exist, but also considerable dif-
ferences. Those effects were visible the most in the context of the prediction accuracy of the
machine learning algorithms, which improved considerably when considering our level 3
data set. Our study thus provides evidence similar to previous literature that commodities
as one asset class is too strict a definition, but sub-classes seem to be driven by common
dynamics. Some evidence has also been observed for currencies in this context, especially
in the context of yield spread and interest rate changes. In addition, our results provide
further evidence of some previous macroeconomic interactions that have been observed.
For example, our models showed highly consistent evidence that stock markets and com-
modities have a negative relationship and thus make a good hedge against general market
movements, while moving in the same direction as emerging markets. Overall, however,
further research that focuses on more specific sub-classes is required to answer this ques-
tion, as overall our evidence is mixed.

Regarding to our prediction of Bitcoin, our main research question, we end up with the
expected result of it being a commodity, which is in line with hypothesis 5a. Indeed, most
predictions imply a very strong result in this regard with a value very close to 1, i.e. a
commodity classification, with the only algorithm implying a different classification being
the RBF SVM, which might be for technical reasons as similar results were observed for
carbon permits. Clearly, this result is driven by the importance of volatility and liquidity to
a large extent, a result that is further amplified by previous scholars not having been able
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to find strong evidence of correlations of Bitcoin with a multitude of macroeconomic vari-
ables or other assets (Baur, Hong, et al., 2016). Our result therefore confirms past research
into the matter by Glaser et al. (2014) and (Baur, Hong, et al., 2016), while providing addi-
tional evidence that the main driver of this classification is the volatility of Bitcoin. While
we provide evidence for the theory of Selgin (2014) that Bitcoin exhibits strong characteris-
tics of commodities, we fail to identify market dynamics typically exhibited by currencies.
The implications on the overall validity of synthetic commodity money theory might thus
be that such monies will exhibit market dynamics strongly in line with commodities, i.e.
due to dominating demand and supply forces. It is also possible, as mentioned by au-
thors considering other cryptocurrencies (Halaburda and Sarvary, 2016, ch. 4), that even
Bitcoin is perceived to have some nonmonetary utility through its Blockchain component
or psychological effects (White, 2014) and thus the theory lacks components to explain such
phenomena. In this context, against expectations we fail to confirm the perception of Bit-
coin becoming more efficient over time, as it was postulated by Urquhart (2016) and the
main question of hypothesis 5b. There are several possible reasons for this result. One
possibility might be that, while volatility did decrease, other factors that would classify
Bitcoin as a commodity instead, such as the bid-ask spread which has not been considered
by Urquhart (2016), increased. Another reason might be that Bitcoin did indeed become
more efficient, however still exhibits such a high volatility that it is not significantly closer
to currency dynamics.

In addition, we observe a similar result for Carbon permits as for Bitcoin, as in that
they are more closely to commodities than currencies, and thus the argumentation of some
scholars that permits are more comparable to currency than commodities (Button, 2008)
cannot be confirmed and does not seem to be shared by the market. Lastly, for commodity
currencies we observe patterns that are less consistent than non-commodity currencies in
our predictions, i.e. higher error rates and strong variations in their classification over
time. This strongly implies that they, from a market perspective, exhibit several features
that commonly would be observed in commodities instead, thus adding further evidence
to the growing body of literature studying commodity currency market dynamics.
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6.2 Limitations

We encountered several limitations of both technical and general nature that need to be
pointed out. First, our data set has been discussed already, but it must again been empha-
sized that data quality was low in some parts, forcing us to make some cuts, which was
surprising in considering out data comes from Bloomberg, one of the most popular tools
for this purpose. In addition, we were originally also considering to use intraday data,
especially to calculate more accurate estimates of liquidity. However, we only have been
able to acquire this kind of data for a very short time window of several months. None of
the data bases available to us at the time of this study offered fitting data, thus forcing us
to make a couple of adjustments and in particular use liquidity estimators instead of actual
bid-ask spread data.

In addition, we also considered to classify and train based on the full market history
of each asset, instead of constructing a time-based framework. However, a lack of diverse
commodity and currency data made this impossible, as we would, with our current data
set, have less than 100 data points in total, in contrast to a similar amount of features if one
was to drop the long-term measures.

Due to the nature of the polynomial and radial basis function kernels of SVM and also
the type of feature combinations performed in the hidden layers of neural networks, it is
hard to judge which interaction terms, if any, were significant and important in the classi-
fication.

A common problem in machine learning is the determination of the statistical signif-
icance of the features’ contribution towards classification. While Kolmogorov-Smirnov,
F-score and other methods are used by researchers to determine if a feature would make
sense before actual training, to the authors’ best knowledge, there is no test that looks at the
significance of a feature in the actual classification. There are methods of determining the
contribution of a feature in Neural networks by looking at the connection weights (again
without significance testing), however no such measure exists for SVM (except in the case
of linear kernel SVM). For this reason and because we wanted to maintaining a unified ap-
proach for both classifiers, we decided to apply Kolmogorov-Smirnov two-sample test on
already classified series as a measure of the discrimination seen by the classifier and study
the feature significance outputted by the test.

Because of the way some of our correlation measures are built by taking into account
past information of up to 50 valid days (with a search space of up to 90 days into the
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past), and due to the fact that we need to randomize the dataset before splitting it into
the working sets(in order that the sets are representative samples of the population, e.g.
we want observations randomly selected from both the pre-crisis, crisis and post-crisis
periods), there will be cross-talk between the three sets of up to three observations within
the assets, but not between them.

Since our datasets were imbalanced (by a factor of 1.33 on level 2 assets and a factor
of 1.12 on level 3 assets with commodities being the majority class), there were three ap-
proaches that could be used to rebalance the data: undersampling, SMOTE and ADASYN,
with ADASYN being the superior choice as it creates synthetic data only from observations
that are close to the decision boundary thus creating synthetic data only from important ob-
servations. However, an ADASYN implementation is not available for our programming
language of choice (R), we decided to try SMOTE instead of ADASYN. However, results
showed that in most of the cases the average error on assets was higher when the models
were trained in data balanced with SMOTE than in the case where naive undersampling
was used. Due to this result, we chose to drop SMOTE and use undersampling instead,
with the drawback that important observations might have been removed. Due to the time
constraint, a way to account for these important observations was not possible.

6.3 Recommendations and propositions for further research

As mentioned in the machine learning analysis, we identified a slight bias towards cur-
rencies, and strongly assume this to be the case due to larger currencies, i.e. EUR, GBP
and JPY, not appropiate representing currency markets. Furthermore considering Bitcoins
young age, it might be more appropriate to conduct this analysis in a framework compar-
ing emerging market currencies with precious metals, an idea also mentioned by Urquhart
(2016). Research of emerging markets also implies higher volatility of financial instruments
(Bekaerta and Harvey, 1997). Some informal analysis of such a model in the logit context
provided us with promising results, however a full academic analysis of such a model in
addition to our already three-fold level approach would have gone beyond the scope of
this thesis, which has been more concerned with comparing with overall markets instead
of specific economic regions, a field which has already seen considerable research efforts in
contrast to contrasing Bitcoin with emerging markets.
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Similarly, one could compare Bitcoin with other asset classes. As proposed by many au-
thors and going against the suggestion by Selgin (2014), the question if Bitcoin is a currency
or purely speculative asset can also be proposed. Such a test could, for example, consider
currency markets and junk bonds instead of our setting.

Another aspect we initially considered but then dropped due to time constraints was
to include a measure of sentiment. Rao and Srivastava (2013), for example, analyzes the
effects of Twitter and search volumes on market dynamics of several assets considered in
our study. Considering we also look at Bitcoin, which is based on internet transactions, an
obvious extension of our analysis could include such a feature as well.

Similarly to the bond rating problem, one can also discuss the question if a classification
is driven by an institutional body enacting it, or vice-versa. For bond ratings, a change in
market dynamics has been observed following a change in classification (Jorion and Gaiyan
Zhang, 2007). Thus, this matter could also be approached in our framework, i.e. if Bitcoin
changed its market dynamics because of regulatory decisions.

Finally, one could consider different machine learning models. Of particular interest
could be so-called unsupervised models, instead of the supervised ones we used. In such
a context, the machine learning algorithm would cluster the data based on similar charac-
teristics before knowing in advance which data point belongs to what class. Especially if
one considers more than just two classes, such an analysis should bring promising results.

6.4 Conclusion

This study was initially motivated by the rise of Bitcoin and numerous contradictory dis-
cussions regarding its classification as either a currency or a commodity, especially in light
of the US Commodity Futures Trading commission considering Bitcoin a commodity, while
on the other hand Europe’s court of justice effectively ruling that Bitcoin is a currency.
The lack of a consensus in this matter emphasized the need for a unified objective asset
classification framework which does not take into account the individual agendas of each
regulator, be it for tax-purposes, cyber-security or other reasons.

Our methodology was inspired from the rising usage of machine learning in the finan-
cial world, especially in other classification problems such as bond rating, where Machine
learning proved to be efficient, fast and cost-effective. With the abundance of new assets on
the market, such as cryptocurrencies, carbon emission allowances, electricity-based assets
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and others, our goal was to offer an algorithm that can be applied in cases where there is
uncertainty regarding the class to which such a new asset belongs. By extension, such a
classifier can be easily modified to make it suitable for multi-class classification tasks.

Starting from the discussion that Bitcoin has an important characteristic that makes it
unsuitable as a currency, we researched the literature and derived metrics which we be-
lieved would be helpful in differentiating between the two asset classes, by themselves or
in interactions with others. We employed Neural Networks and Support Vector Machines,
as they are among the most used in the finance literature and best understood by the au-
thors, and additionally used Logistic regression as a benchmark for comparison.

The result of applying the algorithm on Bitcoin showed that it is overwhelmingly clas-
sified as a commodity, which is in line with the main body of Bitcoin classification litera-
ture, while carbon credits were mostly classified as commodities, in contrast with previous
literature that considered them to be currencies. Finally, as it was expected, commodity-
currencies were found to be a mix of commodity and currency classifications.

Our first results furthermore already implied early that volatility and liquidity are sta-
tistically significant and also the most important features that contributed to asset classifi-
cation. This has proven revelatory, as many of the discussions regarding the classification
of Bitcoin revolved around its high volatility, and also an important aspect in this study.
We thus think that Bitcoin, as a currency, still has a long path ahead, with one of the main
problems it needs to tackle is its high price volatility.
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A.1 Code

LISTING A.1: ids.R - asset descriptions

# DATA INDEXES AND INFORMATION #
#
# Th i s c o d e g e n e r a t e s a t a b l e wi th a l l d a t a s e t s .

rm ( l i s t = l s ( ) )
options ( d i g i t s = 10)

l i b r a r y ( data . table )

# Time s e r i e s l i s t f o r Bloomberg and f i n a l d a t a o b j e c t
TS <− l i s t ( )
data <− l i s t ( )

# Time S e r i e s t a b l e
TS .FRAME <− data . table (

ID . BASE = f a c t o r ( ) , # Base r e f e r e n c e ID
ID .DB = f a c t o r ( ) , # O r i g i n a l Databas e ID , i f a p p l i c a b l e

CLASS = f a c t o r ( ) , # C l a s s
CLASS . ID = numeric ( ) , # Numerica l c l a s s ID
CLASS . SUB = f a c t o r ( ) , # Sub−c l a s s ( i . e . " a g r i c u l t u r e " , . . . )
LEVEL = numeric ( ) , # L e v e l
TYPE = f a c t o r ( ) , # Type o f a s s e t (FUTR, SPOT)
TYPE . ID = f a c t o r ( ) , # Numerica l t y p e ID
PURP = f a c t o r ( ) , # Purpose (TRAIN , TEST )

FUT . START = numeric ( ) , # Future c o n t r a c t s f i r s t p e r i o d , i f a p p l i c a b l e
FUT .DUR = numeric ( ) , # Future c o n t r a c t s d u r a t i o n , i f a p p l i c a b l e
FUT . IDS = c h a r a c t e r ( ) , # Future c o n t r a c t s IDs , i f a p p l i c a b l e

D. START = as . Date ( c h a r a c t e r ( ) ) , # F i r s t d a t e t o c o n s i d e r f o r t h e a s s e t
D.END = as . Date ( c h a r a c t e r ( ) ) , # L a s t d a t e t o c o n s i d e r f o r t h e a s s e t

MULT. PRC = numeric ( ) , # Value by which t o m u l t i p l y t h e p r i c e
MULT.VOL = numeric ( ) , # Value by which t o m u l t i p l y t h e c u r r e n c y volume

REVERSE = l o g i c a l ( ) , # M u l t i p l y p r i c e by t h i s s e r i e s
TRANSFORM = l o g i c a l ( ) , # Trans form by p r i c e s in t h i s s e r i e s
YIELD = l o g i c a l ( ) # I s t h i s a y i e l d ( i . e . n e g a t i v e v a l u e s a r e ok ) ?

)

# T r a i n i n g − C u r r e n c i e s − Spot
TS$CURR. TRAIN . SPOT <− r b i n d l i s t ( l i s t (

TS .FRAME,
# LEVEL 1
data . table (

ID . BASE = "EUR" , # Euro
ID .DB = "EURUSD Curncy " ,
LEVEL = 1 ,
D. START = as . Date ( "2000−01−01" ) # Bad d a t a

) ,

# LEVEL 2
data . table (

ID . BASE = " JPY " , # J a p a n e s e Yen
ID .DB = "JPYUSD Curncy " ,
LEVEL = 2 ,
D. START = as . Date ( "1999−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "GBP" , # B r i t i s h Pound
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ID .DB = "GBPUSD Curncy " ,
LEVEL = 2

) ,

# LEVEL 3
data . table (

ID . BASE = "MXN" , # Mexican Peso
ID .DB = "MXNUSD Curncy " ,
LEVEL = 3 ,
D. START = as . Date ( "2000−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "SEK" , # Swedish Krona
ID .DB = "SEKUSD Curncy " ,
LEVEL = 3 ,
D. START = as . Date ( "2000−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "INR" , # I n d i a n Rupee
ID .DB = "INRUSD Curncy " ,
LEVEL = 3 ,
D. START = as . Date ( "2000−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "PLN" , # P o l i s h Z l o t y
ID .DB = "PLNUSD Curncy " ,
LEVEL = 3 ,
D. START = as . Date ( "2001−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "KRW" , # South Korean Won
ID .DB = "KRWUSD Curncy " ,
LEVEL = 3 ,
MULT. PRC = 0 . 0 1 ,
D. START = as . Date ( "2002−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "CHF" , # Swiss Franc
ID .DB = "CHFUSD Curncy " ,
LEVEL = 3 ,
D. START = as . Date ( "2000−06−01" ) , # End o f g o l d s t a n d a r d
D.END = as . Date ( "2011−09−01" ) # I n t r o d u c t i o n o f t h e Euro cap

) ,
data . table (

ID . BASE = " ILS " , # I s r a e l i S h e k e l
ID .DB = "ILSUSD Curncy " ,
LEVEL = 3 ,
D. START = as . Date ( "2000−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "RMB" , # C h i n e s e Renminbi ( o f f s h o r e )
ID .DB = "CNHUSD Curncy " ,
LEVEL = 3 ,
D. START = as . Date ( "2010−01−01" ) # O f f s h o r e agr e ement ( complex ,

# but c o m p a r a b l e t o f l o a t )
) ,
data . table (

ID . BASE = "CLP" , # C h i l e a n Peso
ID .DB = "CLPUSD Curncy " ,
LEVEL = 3 ,
D. START = as . Date ( "2004−01−01" ) , # Bad d a t a
MULT. PRC = 0 . 0 1

) ,
data . table (

ID . BASE = "TRY" , # T u r k i s h L i r a
ID .DB = "TRYUSD Curncy " ,
LEVEL = 3 ,
D. START = as . Date ( "2006−01−01" ) # New T u r k i s h L i r a i n t r o . + 1 y e a r

) ,
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# LEVEL 4 ( o t h e r a s s e t s )
data . table (

ID . BASE = "COP" , # Colombian Peso
ID .DB = "COPUSD Curncy " ,
LEVEL = 4 ,
D. START = as . Date ( "2003−01−01" ) , # Bad d a t a
MULT. PRC = 0 . 0 1

) ,
data . table (

ID . BASE = "THB" , # Thai Baht
ID .DB = "THBUSD Curncy " ,
LEVEL = 4 ,
D. START = as . Date ( "2008−04−01" ) # L i f t i n g o f exchange c o n t r o l s

) ,
data . table (

ID . BASE = "SGD" , # S i n g a p o r e D o l l a r
ID .DB = "SGDUSD Curncy " ,
LEVEL = 4 ,
D. START = as . Date ( "2001−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "CZK" , # Czech Koruna
ID .DB = "CZKUSD Curncy " ,
LEVEL = 4 ,
D. START = as . Date ( "2002−01−01" ) , # Bad d a t a
D.END = as . Date ( "2012−01−01" ) # "Peg" t o Euro s i n c e end o f 2012

) ,
data . table (

ID . BASE = "HUF" , # Hungarian F o r i n t
ID .DB = "HUFUSD Curncy " ,
LEVEL = 4 ,
D. START = as . Date ( "2012−04−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "HRK" , # C r o a t i a n Kuna
ID .DB = "HRKUSD Curncy " ,
LEVEL = 4 ,
D. START = as . Date ( "2000−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "UAH" , # Ukra in i an h r y v n i a
ID .DB = "UAHUSD Curncy " ,
LEVEL = 4 ,
D. START = as . Date ( "2014−03−01" ) # Change t o managed f l o a t in 2012

) ,
data . table (

ID . BASE = "UYU" , # Uruguayan Peso
ID .DB = "UYUUSD Curncy " ,
LEVEL = 4 ,
D. START = as . Date ( "2008−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "GEL" , # Georg ian L a r i
ID .DB = "GELUSD Curncy " ,
LEVEL = 4 ,
D. START = as . Date ( "2009−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "PYG" , # Paraguayan Guarani
ID .DB = "PYGUSD Curncy " ,
LEVEL = 4 ,
MULT. PRC = 0 . 0 0 1 ,
D. START = as . Date ( "2009−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "PEN" , # Peruv ian S o l
ID .DB = "PENUSD Curncy " ,
LEVEL = 4 ,



Appendix A. Appendix 121

D. START = as . Date ( "2002−01−01" ) # Bad d a t a
) ,
data . table (

ID . BASE = "PHP" , # P h i l i p p i n e Peso
ID .DB = "PHPUSD Curncy " ,
LEVEL = 4 ,
D. START = as . Date ( "2000−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "ARS" , # A r g e n t i n e Peso
ID .DB = "ARSUSD Curncy " ,
LEVEL = 4 ,
D. START = as . Date ( "2002−01−01" ) # F l o a t i n g exchange r a t e

)
) , f i l l = T ) [ , c ( "CLASS" , "TYPE" , "PURP" )

:= l i s t ( " Curncy " , "SPOT" , "TRAIN" ) ]
TS$CURR. TRAIN . SPOT [ , ID . BASE := paste0 ( TS$CURR. TRAIN . SPOT$ID . BASE , " . " ,

TS$CURR. TRAIN . SPOT$TYPE) ]

# T r a i n i n g − C u r r e n c i e s − Future
TS$CURR. TRAIN . FUTR <− r b i n d l i s t ( l i s t (

TS .FRAME,

# LEVEL 1
data . table (

ID . BASE = "EUR" , # Euro
ID .DB = "EC" ,
LEVEL = 1 ,
FUT . START = 3 ,
FUT .DUR = 3 ,
D. START = as . Date ( "2000−01−01" ) , # Bad d a t a
MULT.VOL = 125000

) ,

# LEVEL 2
data . table (

ID . BASE = " JPY " , # J a p a n e s e Yen
ID .DB = " JY " ,
LEVEL = 2 ,
FUT . START = 3 ,
FUT .DUR = 3 ,
MULT. PRC = 0 . 0 0 0 1 ,
MULT.VOL = 12500000

) ,
data . table (

ID . BASE = "GBP" , # B r i t i s h Pound
ID .DB = "BP" ,
LEVEL = 2 ,
FUT . START = 3 ,
FUT .DUR = 3 ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 62500

) ,

# LEVEL 3
data . table (

ID . BASE = "MXN" , # Mexican Peso
ID .DB = "PE" ,
LEVEL = 3 ,
FUT . START = 3 ,
FUT .DUR = 3 ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 500000

) ,
data . table (

ID . BASE = "SEK" , # Swedish Krona
ID .DB = " SE " ,
LEVEL = 3 ,
FUT . START = 3 ,
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FUT .DUR = 3 ,
D. START = as . Date ( "2005−01−01" ) , # Bad d a t a
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 2000000

) ,
data . table (

ID . BASE = "INR" , # I n d i a n Rupee
ID .DB = " SIR " ,
LEVEL = 3 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2015−01−12" ) , # Bad d a t a
MULT. PRC = 0 . 0 0 0 1 ,
MULT.VOL = 5000000

) ,
data . table (

ID . BASE = "CHF" , # Swiss Franc
ID .DB = " SF " ,
LEVEL = 3 ,
FUT . START = 3 ,
FUT .DUR = 3 ,
D. START = as . Date ( "2000−06−01" ) , # End o f Gold peg
D.END = as . Date ( "2011−09−01" ) , # I n t r o d u c t i o n o f t h e Euro cap
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 125000

) ,
data . table (

ID . BASE = "RMB" , # C h i n e s e Renminbi ( o f f s h o r e )
ID .DB = "CHY" ,
LEVEL = 3 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
MULT.VOL = 100000 ,
REVERSE = T

)
) , f i l l = T ) [ , c ( "CLASS" , "TYPE" , "PURP" )

:= l i s t ( " Curncy " , "FUTR" , "TRAIN" ) ]
TS$CURR. TRAIN . FUTR[ , ID . BASE := paste0 ( TS$CURR. TRAIN . FUTR$ID . BASE , " . " ,

TS$CURR. TRAIN . FUTR$TYPE) ]

# T r a i n i n g − Commodit i es − Spot
TS$CMDT. TRAIN . SPOT <− r b i n d l i s t ( l i s t (

# LEVEL 1
TS .FRAME,
data . table (

ID . BASE = "GOLD" , # Gold
ID .DB = "XAUUSD Curncy " ,
LEVEL = 1

) ,

# LEVEL 2
data . table (

ID . BASE = " SILVER " , # S i l v e r
ID .DB = "XAGUSD Curncy " ,
LEVEL = 2

) ,
data . table (

ID . BASE = "PLATINUM" , # Plat inum
ID .DB = "XPTUSD Curncy " ,
LEVEL = 2

) ,
data . table (

ID . BASE = "PALLADIUM" , # Pa l l ad ium
ID .DB = "XPDUSD Curncy " ,
LEVEL = 2

)
) , f i l l = T ) [ , c ( "CLASS" , "TYPE" , "PURP" )

:= l i s t ( "Comdty" , "SPOT" , "TRAIN" ) ]
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TS$CMDT. TRAIN . SPOT [ , ID . BASE := paste0 ( TS$CMDT. TRAIN . SPOT$ID . BASE , " . " ,
TS$CMDT. TRAIN . SPOT$TYPE) ]

# T r a i n i n g − Commodit i es − Future
TS$CMDT. TRAIN . FUTR <− r b i n d l i s t ( l i s t (

TS .FRAME,
# LEVEL 1
data . table (

ID . BASE = "GOLD" , # Gold
ID .DB = "GC" ,
LEVEL = 1 ,
FUT . START = 2 ,
FUT .DUR = 2 ,
MULT.VOL = 100

) ,

# LEVEL 2
data . table (

ID . BASE = " SILVER " , # S i l v e r
ID .DB = " SI " ,
LEVEL = 2 ,
FUT . IDS = " 3|5|7|9|12 " ,
MULT.VOL = 5000

) ,
data . table (

ID . BASE = "PLATINUM" , # Plat inum
ID .DB = "PL" ,
LEVEL = 2 ,
FUT . START = 1 ,
FUT .DUR = 3 ,
MULT.VOL = 50

) ,
data . table (

ID . BASE = "PALLADIUM" , # Pa l l ad ium
ID .DB = "PA" ,
LEVEL = 2 ,
FUT . START = 3 ,
FUT .DUR = 3 ,
MULT.VOL = 100

) ,

# LEVEL 3
data . table (

ID . BASE = "COPPER" , # Copper
ID .DB = "HG" ,
LEVEL = 3 ,
FUT . IDS = " 3|5|7|9|12 " ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 25000

) ,
data . table (

ID . BASE = "OATS" , # Oats
ID .DB = "O " ,
LEVEL = 3 ,
FUT . IDS = " 3|5|7|9|12 " ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 5000

) ,
data . table (

ID . BASE = "CORN" , # Corn
ID .DB = "C " ,
LEVEL = 3 ,
FUT . IDS = " 3|5|7|9|12 " ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 5000

) ,
data . table (

ID . BASE = " RICE " , # Rough R i c e
ID .DB = "RR" ,
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LEVEL = 3 ,
FUT . START = 1 ,
FUT .DUR = 2 ,
MULT.VOL = 2000

) ,
data . table (

ID . BASE = "GAS" , # Natura l Gas
ID .DB = "NG" ,
LEVEL = 3 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
MULT.VOL = 10000

) ,
data . table (

ID . BASE = "LUMBER" , # Lumber
ID .DB = "LB" ,
LEVEL = 3 ,
FUT . START = 1 ,
FUT .DUR = 2 ,
D. START = as . Date ( "1999−11−01" ) , # Change o f c o n t a c t s p e c i f i c a t i o n s
MULT.VOL = 110

) ,
data . table (

ID . BASE = "LIVECATTLE" , # L i v e C a t t l e
ID .DB = "LC" ,
LEVEL = 3 ,
FUT . START = 2 ,
FUT .DUR = 2 ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 40000

) ,
data . table (

ID . BASE = "HEATOIL" , # Heat ing Oi l
ID .DB = "HO" ,
LEVEL = 3 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 42000

) ,
data . table (

ID . BASE = "ALUMINUM" , # Aluminum
ID .DB = "AL" ,
LEVEL = 3 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2002−11−01" ) , # Bad d a t a
D.END = as . Date ( "2004−01−01" ) , # Bad d a t a
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 44000

) ,
data . table (

ID . BASE = "MILK" , # Milk
ID .DB = "DA" ,
LEVEL = 3 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
MULT.VOL = 200000

) ,

# LEVEL 4
data . table (

ID . BASE = "SOYBEAN" , # Soybean
ID .DB = " S " ,
LEVEL = 4 ,
FUT . IDS = " 1|3|5|7|8|9|11 " ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 5000

) ,
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data . table (
ID . BASE = "ETHANOL" , # E t h a n o l
ID .DB = "DL" ,
LEVEL = 3 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2007−01−01" ) , # Bad d a t a
MULT.VOL = 29000

) ,
data . table (

ID . BASE = "COFFEE" , # C o f f e e
ID .DB = "FCC" ,
LEVEL = 3 ,
FUT . IDS = " 3|5|7|9|12 " ,
D. START = as . Date ( "2007−07−01" ) , # S t a r t o f F u t u r e s
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 37500

) ,
data . table (

ID . BASE = "LEANHOG" , # Lean Hog
ID .DB = "LH" ,
LEVEL = 3 ,
FUT . IDS = " 2|4|5|6|7|8|10|12 " ,
D. START = as . Date ( "2001−05−01" ) , # E f f e c t i v e s t a r t o f F u t u r e s
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 40000

) ,
data . table (

ID . BASE = "ALUMINUM.PHY" , # Aluminum ( P h y s i c a l )
ID .DB = "ALE" ,
LEVEL = 4 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2014−06−01" ) , # S t a r t o f F u t u r e s
MULT.VOL = 25

) ,
data . table (

ID . BASE = "WHEAT" , # Wheat
ID .DB = "W " ,
LEVEL = 4 ,
FUT . IDS = " 3|5|7|9|12 " ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 5000

) ,
data . table (

ID . BASE = "ZINC" , # Zinc (LME)
ID .DB = "LX" ,
LEVEL = 4 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2006−01−01" ) , # Bad d a t a
MULT.VOL = 25

) ,
data . table (

ID . BASE = "URANIUM" , # Uranium
ID .DB = "UXA" ,
LEVEL = 4 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2010−01−01" ) , # More l i q u i d p r i c e b e h a v i o u r
MULT.VOL = 250

) ,
data . table (

ID . BASE = "FEEDERCATTLE" , # F e e d e r C a t t l e
ID .DB = "FC" ,
LEVEL = 4 ,
FUT . IDS = " 1|3|4|5|8|9|10|11 " ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 50000
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) ,
data . table (

ID . BASE = "GASOLINE" , # G a s o l i n e
ID .DB = "XB" ,
LEVEL = 4 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2006−01−01" ) , # S t a r t o f F u t u r e s
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 42000

) ,
data . table (

ID . BASE = "COAL" , # Coa l
ID .DB = "QZ" ,
LEVEL = 4 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2001−10−01" ) , # S t a r t o f F u t u r e s
MULT.VOL = 1550

) ,
data . table (

ID . BASE = "ELECTRICITY" , # PJM E l e c t r i c i t y
ID .DB = "DM" ,
LEVEL = 4 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2003−07−01" ) , # S t a r t o f F u t u r e s
MULT.VOL = 40

) ,
data . table (

ID . BASE = "LEAD" , # Lead (LME)
ID .DB = "LL" ,
LEVEL = 4 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2006−01−01" ) , # Bad d a t a
MULT.VOL = 25

) ,
data . table (

ID . BASE = "RUBBER" , # Rubber (TOCOM)
ID .DB = " JN " ,
LEVEL = 4 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2005−07−01" ) , # Change o f F u t u r e s
MULT.VOL = 5000 ,
TRANSFORM = " JPY . SPOT" # P r i c e s in Yen , not USD

) ,
data . table (

ID . BASE = "TIN" , # Tin (LME)
ID .DB = "LT" ,
LEVEL = 4 ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2006−01−01" ) , # S t a r t o f F u t u r e s
MULt .VOL = 5

)
) , f i l l = T ) [ , c ( "CLASS" , "TYPE" , "PURP" )

:= l i s t ( "Comdty" , "FUTR" , "TRAIN" ) ]
TS$CMDT. TRAIN . FUTR[ , ID . BASE := paste0 ( TS$CMDT. TRAIN . FUTR$ID . BASE , " . " ,

TS$CMDT. TRAIN . FUTR$TYPE) ]

# T e s t i n g − Spot
TS$TEST . SPOT <− r b i n d l i s t ( l i s t (

TS .FRAME,
data . table (

ID . BASE = "AUD" , # A u s t r a l i a n D o l l a r ( commodity c u r r e n c y )
ID .DB = "AUDUSD Curncy "

) ,
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data . table (
ID . BASE = "NOK" , # Norwegian Krone ( commodity c u r r e n c y )
ID .DB = "NOKUSD Curncy " ,
D. START = as . Date ( "2000−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "ZAR" , # South A f r i c a n Rand ( commodity c u r r e n c y )
ID .DB = "ZARUSD Curncy " ,
D. START = as . Date ( "2000−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "CAD" , # Canadian D o l l a r ( commodity c u r r e n c y )
ID .DB = "CADUSD Curncy "

) ,
data . table (

ID . BASE = "BRL" , # B r a z i l i a n Rea l ( commodity c u r r e n c y )
ID .DB = "BRLUSD Curncy " ,
D. START = as . Date ( "2000−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "RUB" , # Russ ian Ruble ( commodity c u r r e n c y )
ID .DB = "RUBUSD Curncy " ,
D. START = as . Date ( "2002−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = " ISK " , # I c e l a n d i c Krona ( commodity c u r r e n c y )
ID .DB = "ISKUSD Curncy " ,
D. START = as . Date ( "2001−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "IDR" , # I n d o n e s i a n Rupiah ( commodity c u r r e n c y )
ID .DB = "IDRUSD Curncy " ,
MULT. PRC = 0 . 0 0 1 ,
D. START = as . Date ( "2002−01−01" ) # Bad d a t a

) ,
data . table (

ID . BASE = "XBT . BB" , # B i t c o i n , Bloomberg
ID .DB = "XBTUSD Curncy " ,
D. START = as . Date ( "2011−01−01" ) # P ro pe r t r a d i n g and r e g u l a r d a i l y r e t u r n s

) ,
data . table (

ID . BASE = "SOS" , # Somal i S h i l l i n g ( not used )
ID .DB = "SOSUSD Curncy " ,
MULT. PRC = 0 . 0 1

)
) , f i l l = T ) [ , c ( "TYPE" , "PURP" )

:= l i s t ( "SPOT" , "TEST" ) ]
TS$TEST . SPOT [ , ID . BASE := paste0 ( TS$TEST . SPOT$ID . BASE , " . " ,

TS$TEST . SPOT$TYPE) ]

# T e s t i n g − Future
TS$TEST . FUTR <− r b i n d l i s t ( l i s t (

TS .FRAME,
data . table (

ID . BASE = "AUD" , # A u s t r a l i a n D o l l a r ( commodity c u r r e n c y )
ID .DB = "AD" ,
CLASS = " Curncy " ,
FUT . START = 3 ,
FUT .DUR = 3 ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 100000

) ,
data . table (

ID . BASE = "NOK" , # Norwegian Krone ( commodity c u r r e n c y )
ID .DB = "NO" ,
CLASS = " Curncy " ,
FUT . START = 3 ,
FUT .DUR = 3 ,
D. START = as . Date ( "2004−11−01" ) , # Bad d a t a



Appendix A. Appendix 128

MULT. PRC = 0 . 0 1 ,
MULT.VOL = 2000000

) ,
data . table (

ID . BASE = "ZAR" , # South A f r i c a n Rand ( commodity c u r r e n c y )
ID .DB = "RA" ,
CLASS = " Curncy " ,
FUT . START = 1 ,
FUT .DUR = 1 ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 500000

) ,
data . table (

ID . BASE = "CAD" , # Canadian D o l l a r ( commodity c u r r e n c y )
ID .DB = "CD" ,
CLASS = " Curncy " ,
FUT . START = 3 ,
FUT .DUR = 3 ,
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 100000

) ,
data . table (

ID . BASE = "BRL" , # B r a z i l i a n Rea l ( commodity c u r r e n c y )
ID .DB = "BR" ,
CLASS = " Curncy " ,
FUT . START = 1 ,
FUT .DUR = 1 ,
D. START = as . Date ( "2012−01−01" ) , # Bad d a t a
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 100000

) ,
data . table (

ID . BASE = "RUB" , # Russ ian Ruble ( commodity c u r r e n c y )
ID .DB = "RU" ,
CLASS = " Curncy " ,
FUT . START = 3 ,
FUT .DUR = 3 ,
D. START = as . Date ( "2008−01−01" ) , # Bad d a t a
MULT. PRC = 0 . 0 1 ,
MULT.VOL = 2500000

) ,
data . table (

ID . BASE = "CARBON" , # Carbon P e r m i t s ( f e t c h e d from ICE )
ID .DB = "MO" ,
CLASS = "Comdty" ,
FUT . START = 3 ,
FUT .DUR = 3 ,
D. START = as . Date ( "2008−06−01" ) , # Major change in c o n t r a c t s p e c i f i c a t i o n s
MULT.VOL = 1000 ,
TRANSFORM = "EUR. SPOT" # O r i g i n a l p r i c e s in EURO (EUR / MT) , not USD

)
) , f i l l = T ) [ , c ( "TYPE" , "PURP" )

:= l i s t ( "FUTR" , "TEST" ) ]
TS$TEST . FUTR[ , ID . BASE := paste0 ( TS$TEST . FUTR$ID . BASE , " . " ,

TS$TEST . FUTR$TYPE) ]

# Other − Future
TS$OTHER. FUTR <− r b i n d l i s t ( l i s t (

TS .FRAME,
data . table (

ID . BASE = " OIL . FUTR" , # Crude Oi l ( macroeconomic v a r i a b l e )
ID .DB = "CL" ,
TYPE = "FUTR" ,
CLASS = "Comdty" ,
FUT . START = 1 ,
FUT .DUR = 1 ,
MULT.VOL = 1000

)
) , f i l l = T )
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# Other ( macroeconomic v a r i a b l e s , e t c . )
TS$OTHER <− r b i n d l i s t ( l i s t (

TS .FRAME,
data . table (

ID . BASE = " SP500 " , # S&P 500
ID .DB = "SPX Index "

) ,
data . table (

ID . BASE = " SPGSCI " , # S&P GSCI ( not used )
ID .DB = " SPGSCI Index "

) ,
data . table (

ID . BASE = "MSCIW" , # MSCI World Index ( not used )
ID .DB = "MXWO Index "

) ,
data . table (

ID . BASE = "MSCIWXUS" , # MSCI World ex . US Index
ID .DB = "MXEA Index "

) ,
data . table (

ID . BASE = "MSCIE" , # MSCI Emerging Markets Index
ID .DB = "MXEF Index "

) ,
data . table (

ID . BASE = "BOND1M" , # 1−month US Bond / T−B i l l
ID .DB = "USGG1M Index " ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = "BOND3M" , # 3−month US Bond / T−B i l l
ID .DB = "USGG3M Index " ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = "BOND6M" , # 6−month US Bond / T−B i l l
ID .DB = "USGG6M Index " ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = "BOND12M" , # 12−month US Bond / T−B i l l
ID .DB = "USGG12M Index " ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = "BOND5Y" , # 5−y e a r US Bond / T−B i l l
ID .DB = "USGG5YR Index " ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = "BOND10Y" , # 10−y e a r US Bond / T−B i l l
ID .DB = "USGG10YR Index " ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = "BOND30Y" , # 30−y e a r US Bond / T−B i l l
ID .DB = "USGG30YR Index " ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = " TIPS5Y " , # 5−y e a r US TIPS
ID .DB = "USGGT05Y Index " ,
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MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = " TIPS10Y " , # 10−y e a r US TIPS
ID .DB = "USGGT10Y Index " ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = " TIPS30Y " , # 30−y e a r US TIPS ( not used )
ID .DB = "USGGT30Y Index " ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = "EURIBOR" , # 1−month EURIBOR
ID .DB = "EUR001M Index " ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = "LIBOR" , # 1−month LIBOR
ID .DB = "US0001M Index " ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = "GOLD. ETFS " , # ETFS P h y s i c a l Gold (LME) ( not used )
ID .DB = "PHAU LN Equity "

) ,
data . table (

ID . BASE = " SILVER . ETFS " , # ETFS P h y s i c a l S i l v e r (LME) ( not used )
ID .DB = "PHAG LN Equity "

) ,
data . table (

ID . BASE = "PLATINUM. ETFS " , # ETFS P h y s i c a l Plat inum (LME) ( not used )
ID .DB = "PHPT LN Equity "

) ,
data . table (

ID . BASE = "PALLADIUM. ETFS " , # ETFS P h y s i c a l Pa l l ad ium (LME) ( not used )
ID .DB = "PHPD LN Equity "

)
) , f i l l = T )

# Bloomberg t ime s e r i e s
data $TS . BB <− r b i n d l i s t ( TS , f i l l = T )

# F i l l in C l a s s and Type IDs
data $TS . BB [ , CLASS . ID := ( match ( data $TS . BB$CLASS ,

s o r t ( unique ( data $TS . BB$CLASS) ) ) − 1) ]
data $TS . BB [ , TYPE . ID := ( match ( data $TS . BB$TYPE ,

s o r t ( unique ( data $TS . BB$TYPE) ) ) − 1) ]

# B i t c o i n t ime s e r i e s from s p e c i f i c e x c h a n g e s
data $TS . BTC <− r b i n d l i s t ( l i s t (

TS .FRAME,
data . table (

ID . BASE = "XBT .GOX" , # B i t c o i n , Mt . Gox
ID .DB = "MTGOX" ,
D. START = as . Date ( "2011−01−01" ) , # P ro pe r t r a d i n g and r e g u l a r d a i l y r e t u r n s
D.END = as . Date ( "2014−01−31" ) # S h o r t l y b e f o r e shutdown

) ,
data . table (

ID . BASE = "XBT . BFX" , # B i t c o i n , B i t f i n e x
ID .DB = " BITFINEX "

) ,
data . table (

ID . BASE = "XBT . BST " , # B i t c o i n , B i t s t a m p
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ID .DB = "BITSTAMP"
) ,
data . table (

ID . BASE = "XBT .CDK" , # B i t c o i n , C o i nd e s k
ID .DB = "COINDESK"

)
) , f i l l = T ) [ , c ( "TYPE" , "PURP" )

:= l i s t ( "SPOT" , "TEST" ) ]

# Other macroeconomic v a r i a b l e s
data $TS . CSV <− r b i n d l i s t ( l i s t (

TS .FRAME,
data . table (

ID . BASE = "USDINDEX" , # Trade USD index , b r o a d ( not used )
ID .DB = "USDINDEX"

) ,
data . table (

ID . BASE = "MOODYAAA" , # Moody c o r p o r a t e bond y i e l d , Aaa
ID .DB = "MOODYAAA" ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

) ,
data . table (

ID . BASE = "MOODYBAA" , # Moody c o r p o r a t e bond y i e l d , Baa
ID .DB = "MOODYBAA" ,
MULT. PRC = 0 . 0 1 ,
YIELD = T

)
) , f i l l = T )

# P r e s e t s f o r months , a s used i . e . in Future c o n t r a c t s
data $PERIODS <− c (

" F " , # January
"G" , # February
"H" , # March
" J " , # A p r i l
"K" , # May
"M" , # June
"N" , # J u l y
"Q" , # August
"U" , # Sep t ember
"V" , # Octobe r
"X" , # November
"Z" # December

)

# Base Dates
data $BASE .DATES <− l i s t (

"START" = as . Date ( "1998−01−01" ) ,
"END" = as . Date ( "2016−06−30" )

)

# Save l i s t
saveRDS ( data , " . / data / i d L i s t . rds " )
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A.2 Tables

TABLE A.1: Summary of level 1 data

Statistic N Mean St. Dev. Min Max

AMIHUD 386 0.001 0.007 0.00001 0.094
AMIHUD.50D 377 0.001 0.005 0.00001 0.038
C.INDEX.CURR 786 −0.549 0.268 −0.920 0.692
C.INDEX.CURR.50D 786 −0.553 0.218 −0.873 0.256
C.INDEX.CMDT 786 0.249 0.295 −0.589 0.811
C.INDEX.CMDT.50D 786 0.257 0.237 −0.408 0.768
RETURN 786 0.004 0.041 −0.190 0.156
RETURN.50D 786 0.010 0.059 −0.160 0.264
STD 786 0.008 0.004 0.002 0.033
STD.50D 786 0.008 0.004 0.002 0.028
KURT 786 −3.110 1.096 −4.459 4.838
KURT.50D 786 −2.318 1.878 −4.136 11.660
SKEW 786 −0.060 0.576 −2.060 2.614
SKEW.50D 786 −0.069 0.610 −3.165 2.823
BIDASK.CS 786 0.003 0.002 0.0005 0.015
BIDASK.CS.50D 786 0.003 0.001 0.001 0.014
C.YS.1M3M 674 −0.031 0.228 −0.632 0.572
C.YS.1M3M.50D 716 −0.024 0.150 −0.588 0.444
C.YS.3M5Y 766 −0.109 0.315 −0.837 0.727
C.YS.3M5Y.50D 786 −0.106 0.257 −0.790 0.628
C.YS.5Y10Y 786 0.118 0.275 −0.711 0.777
C.YS.5Y10Y.50D 786 0.119 0.202 −0.454 0.693
C.YS.10Y30Y 786 0.147 0.287 −0.572 0.775
C.YS.10Y30Y.50D 786 0.153 0.202 −0.515 0.650
C.TIPS.5Y10Y 786 0.129 0.275 −0.677 0.851
C.TIPS.5Y10Y.50D 786 0.127 0.196 −0.559 0.700
C.Y.TIPS.5Y 786 0.066 0.306 −0.741 0.773
C.Y.TIPS.10Y 786 0.044 0.294 −0.715 0.756
C.Y.TIPS.5Y.50D 786 0.072 0.237 −0.501 0.625
C.Y.TIPS.10Y.50D 786 0.052 0.233 −0.552 0.635
C.YS.CORP 786 −0.018 0.237 −0.628 0.627
C.TBILL 698 −0.043 0.239 −0.691 0.613
C.TBILL.50D 716 −0.035 0.148 −0.478 0.390
C.LIBOR 757 −0.016 0.241 −0.593 0.814
C.LIBOR.50D 774 −0.033 0.161 −0.401 0.493
C.EURIBOR 786 −0.017 0.231 −0.695 0.567
C.EURIBOR.50D 786 −0.022 0.146 −0.400 0.386
C.OIL 782 0.211 0.296 −0.574 0.799
C.OIL.50D 786 0.215 0.236 −0.383 0.733
C.INDEX.US 786 0.031 0.364 −0.780 0.873
C.INDEX.US.50D 786 0.036 0.314 −0.681 0.858
C.INDEX.WORLD 786 0.251 0.334 −0.766 0.850
C.INDEX.WORLD.50D 786 0.253 0.277 −0.494 0.786
C.INDEX.EMERG 786 0.148 0.307 −0.764 0.844
C.INDEX.EMERG.50D 786 0.148 0.245 −0.574 0.687
ARIMA.D.F 786 −0.058 0.208 −0.966 0.552
ARIMA.D.Z 786 −0.816 2.742 −20.188 7.994
ARIMA.D.Z.ABS 786 1.988 2.056 0.005 20.188
ARIMA.AR1 786 −0.156 0.734 −1.910 1.970
ARIMA.AR2 786 −0.382 0.546 −0.999 0.954
ARIMA.MA1 786 0.151 0.802 −1.997 1.997
ARIMA.MA2 786 0.435 0.655 −1.000 1.000
ARCH.LM 786 0.009 0.094 0 1
C.YS.CORP.50D 786 −0.027 0.151 −0.390 0.445
MEC.5D.MOD 786 −0.646 0.605 −5.508 0.340
CRISIS 786 0.097 0.296 0 1
PRECRISIS 786 0.476 0.500 0 1
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TABLE A.2: Summary of level 2 data

Statistic N Mean St. Dev. Min Max

CLASS 2,756 0.572 0.495 0 1
LEVEL 2,756 1.715 0.452 1 2
NDTP 2,756 21.340 2.441 15 25
AMIHUD 1,338 0.024 0.116 0.00001 1.882
AMIHUD.50D 1,290 0.019 0.091 0.00001 1.503
MEC.5D 2,756 −0.315 0.229 −0.877 0.622
C.INDEX.CURR 2,754 −0.445 0.284 −0.920 0.692
C.INDEX.CURR.50D 2,756 −0.446 0.239 −0.873 0.498
C.INDEX.CMDT 2,755 0.224 0.309 −0.744 0.859
C.INDEX.CMDT.50D 2,756 0.229 0.258 −0.566 0.809
RETURN 2,756 0.003 0.064 −0.373 0.349
RETURN.50D 2,756 0.006 0.099 −0.637 0.500
STD 2,756 0.011 0.008 0.002 0.067
STD.50D 2,756 0.011 0.007 0.002 0.052
KURT 2,756 −3.050 1.189 −4.718 6.757
KURT.50D 2,756 −2.205 1.985 −4.213 21.360
SKEW 2,756 −0.108 0.613 −2.867 2.886
SKEW.50D 2,756 −0.141 0.626 −4.325 3.330
BIDASK.CS 2,756 0.004 0.003 0.0001 0.027
BIDASK.CS.50D 2,756 0.004 0.003 0.0001 0.023
C.YS.1M3M 2,359 −0.034 0.230 −0.718 0.572
C.YS.1M3M.50D 2,506 −0.029 0.156 −0.588 0.504
C.YS.3M5Y 2,686 −0.077 0.306 −0.899 0.727
C.YS.3M5Y.50D 2,756 −0.075 0.250 −0.790 0.628
C.YS.5Y10Y 2,756 0.088 0.265 −0.711 0.856
C.YS.5Y10Y.50D 2,756 0.089 0.194 −0.537 0.697
C.YS.10Y30Y 2,756 0.110 0.272 −0.625 0.775
C.YS.10Y30Y.50D 2,756 0.112 0.195 −0.515 0.702
C.TIPS.5Y10Y 2,756 0.105 0.269 −0.737 0.851
C.TIPS.5Y10Y.50D 2,756 0.106 0.194 −0.675 0.700
C.Y.TIPS.5Y 2,756 0.075 0.299 −0.796 0.776
C.Y.TIPS.10Y 2,756 0.056 0.294 −0.820 0.796
C.Y.TIPS.5Y.50D 2,756 0.084 0.235 −0.753 0.679
C.Y.TIPS.10Y.50D 2,756 0.066 0.234 −0.752 0.712
C.YS.CORP 2,754 −0.020 0.232 −0.657 0.630
C.TBILL 2,443 −0.023 0.237 −0.827 0.736
C.TBILL.50D 2,506 −0.018 0.150 −0.714 0.443
C.LIBOR 2,654 −0.018 0.240 −0.723 0.814
C.LIBOR.50D 2,714 −0.032 0.159 −0.460 0.553
C.EURIBOR 2,756 −0.020 0.224 −0.727 0.705
C.EURIBOR.50D 2,756 −0.023 0.146 −0.524 0.550
C.OIL 2,737 0.188 0.304 −0.754 0.854
C.OIL.50D 2,756 0.190 0.247 −0.518 0.765
C.INDEX.US 2,755 0.055 0.352 −0.867 0.878
C.INDEX.US.50D 2,756 0.057 0.302 −0.796 0.858
C.INDEX.WORLD 2,756 0.241 0.324 −0.871 0.919
C.INDEX.WORLD.50D 2,756 0.240 0.273 −0.769 0.854
C.INDEX.EMERG 2,756 0.162 0.313 −0.859 0.844
C.INDEX.EMERG.50D 2,756 0.163 0.261 −0.828 0.733
ARIMA.D.F 2,756 −0.083 0.228 −1.010 0.667
ARIMA.D.Z 2,756 −1.109 3.069 −30.026 7.994
ARIMA.D.Z.ABS 2,756 2.196 2.414 0.0005 30.026
ARIMA.AR1 2,756 −0.131 0.739 −1.921 1.970
ARIMA.AR2 2,756 −0.400 0.529 −1.000 0.954
ARIMA.MA1 2,756 0.152 0.810 −1.997 1.997
ARIMA.MA2 2,756 0.455 0.644 −1.000 1.000
ARCH.LM 2,756 0.016 0.124 0 1
C.YS.CORP.50D 2,756 −0.023 0.154 −0.479 0.542
MEC.5D.MOD 2,756 −0.661 0.701 −7.161 0.383
CRISIS 2,756 0.097 0.295 0 1
PRECRISIS 2,756 0.477 0.500 0 1
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TABLE A.3: Summary of level 3 data

Statistic N Mean St. Dev. Min Max

CLASS 7,072 0.532 0.499 0 1
LEVEL 7,072 2.499 0.687 1 3
NDTP 7,072 21.352 2.586 15 35
AMIHUD 3,695 0.260 3.612 0.00001 126.019
AMIHUD.50D 3,498 0.215 3.069 0.00001 87.220
MEC.5D 7,072 −0.282 0.302 −0.958 4.193
C.INDEX.CURR 7,070 −0.355 0.312 −0.940 0.692
C.INDEX.CURR.50D 7,072 −0.356 0.274 −0.873 0.498
C.INDEX.CMDT 7,071 0.239 0.310 −0.744 0.978
C.INDEX.CMDT.50D 7,072 0.242 0.265 −0.566 0.970
RETURN 7,072 0.001 0.070 −0.600 0.526
RETURN.50D 7,072 0.002 0.104 −0.708 0.607
STD 7,072 0.011 0.008 0.0004 0.089
STD.50D 7,072 0.012 0.008 0.0005 0.068
KURT 7,072 −3.104 1.207 −4.774 15.235
KURT.50D 7,072 −2.333 1.976 −4.472 28.949
SKEW 7,072 −0.060 0.593 −3.253 4.416
SKEW.50D 7,072 −0.092 0.586 −5.241 4.505
BIDASK.CS 6,968 0.004 0.003 0.0001 0.036
BIDASK.CS.50D 7,008 0.004 0.003 0.0001 0.024
C.YS.1M3M 6,142 −0.017 0.229 −0.753 0.660
C.YS.1M3M.50D 6,544 −0.013 0.156 −0.592 0.585
C.YS.3M5Y 6,883 −0.012 0.294 −0.899 0.818
C.YS.3M5Y.50D 7,072 −0.012 0.237 −0.808 0.739
C.YS.5Y10Y 7,072 0.068 0.266 −0.812 0.856
C.YS.5Y10Y.50D 7,072 0.064 0.196 −0.697 0.705
C.YS.10Y30Y 7,072 0.063 0.271 −0.896 0.775
C.YS.10Y30Y.50D 7,072 0.064 0.197 −0.666 0.702
C.TIPS.5Y10Y 7,072 0.090 0.265 −0.800 0.853
C.TIPS.5Y10Y.50D 7,072 0.088 0.192 −0.675 0.720
C.Y.TIPS.5Y 7,072 0.105 0.282 −0.796 0.856
C.Y.TIPS.10Y 7,072 0.090 0.277 −0.820 0.870
C.Y.TIPS.5Y.50D 7,072 0.110 0.220 −0.753 0.744
C.Y.TIPS.10Y.50D 7,072 0.097 0.220 −0.752 0.815
C.YS.CORP 7,070 −0.015 0.236 −0.865 0.754
C.TBILL 6,370 −0.008 0.235 −0.827 0.736
C.TBILL.50D 6,544 −0.006 0.153 −0.714 0.585
C.LIBOR 6,802 −0.003 0.240 −0.735 0.814
C.LIBOR.50D 6,961 −0.013 0.158 −0.549 0.553
C.EURIBOR 7,071 −0.012 0.227 −0.733 0.705
C.EURIBOR.50D 7,072 −0.013 0.147 −0.524 0.550
C.OIL 7,034 0.199 0.307 −0.769 0.983
C.OIL.50D 7,072 0.198 0.256 −0.523 0.974
C.INDEX.US 7,071 0.121 0.333 −0.867 0.944
C.INDEX.US.50D 7,072 0.124 0.288 −0.796 0.919
C.INDEX.WORLD 7,072 0.236 0.301 −0.871 0.919
C.INDEX.WORLD.50D 7,072 0.237 0.250 −0.769 0.854
C.INDEX.EMERG 7,072 0.191 0.292 −0.859 0.895
C.INDEX.EMERG.50D 7,072 0.192 0.241 −0.828 0.825
ARIMA.D.F 7,072 −0.089 0.231 −1.010 0.667
ARIMA.D.Z 7,072 −1.163 3.066 −47.228 12.276
ARIMA.D.Z.ABS 7,072 2.240 2.395 0.0005 47.228
ARIMA.AR1 7,072 −0.132 0.731 −1.921 1.970
ARIMA.AR2 7,072 −0.396 0.532 −1.000 0.966
ARIMA.MA1 7,072 0.158 0.802 −1.998 1.998
ARIMA.MA2 7,072 0.447 0.650 −1.000 1.000
ARCH.LM 7,072 0.014 0.118 0 1
C.YS.CORP.50D 7,072 −0.018 0.157 −0.556 0.542
MEC.5D.MOD 7,072 −0.630 0.821 −23.068 4.193
CRISIS 7,072 0.102 0.303 0 1
PRECRISIS 7,072 0.446 0.497 0 1
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TABLE A.4: Gold instrument correlations

GOLD.SPOT GOLD.FUTR

GOLD.SPOT 1 0.907
GOLD.FUTR 0.907 1

TABLE A.5: Silver instrument correlations

SILVER.SPOT SILVER.FUTR

SILVER.SPOT 1 0.911
SILVER.FUTR 0.911 1

TABLE A.6: Platinum instrument correlations

PLATINUM.SPOT PLATINUM.FUTR

PLATINUM.SPOT 1 0.878
PLATINUM.FUTR 0.878 1

TABLE A.7: Palladium instrument correlations

PALLADIUM.SPOT PALLADIUM.FUTR

PALLADIUM.SPOT 1 0.879
PALLADIUM.FUTR 0.879 1

TABLE A.8: Euro instrument correlations

EUR.SPOT EUR.FUTR

EUR.SPOT 1 0.950
EUR.FUTR 0.950 1
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TABLE A.9: Japanese Yen instrument correlations

JPY.SPOT JPY.FUTR

JPY.SPOT 1 0.944
JPY.FUTR 0.944 1

TABLE A.10: British Pound instrument correlations

GBP.SPOT GBP.FUTR

GBP.SPOT 1 0.948
GBP.FUTR 0.948 1

TABLE A.11: Bitcoin exchanges and indexes correlations

XBT.BB.SPOT XBT.BFX XBT.GOX XBT.BST XBT.CDK

XBT.BB.SPOT 1 0.799 0.748 0.787 0.760
XBT.BFX 0.799 1 0.913 0.905 0.934
XBT.GOX 0.748 0.913 1 0.889 0.972
XBT.BST 0.787 0.905 0.889 1 0.904
XBT.CDK 0.760 0.934 0.972 0.904 1
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TABLE A.12: List of Features

STD Volatility (short-run, monthly)
STD.50D Volatility (long-run, past 50 days)
BIDASK.CS Liquidity, bid-ask spread estimator (short-run, monthly)
BIDASK.CS.50D Liquidity, bid-ask spread estimator (long-run, past 50 days)
MEC.MOD.5D Transformed market efficiency coefficient, daily and 5-day volatility
KURT Excess kurtosis (short-run, monthly)
KURT.50D Excess kurtosis (long-run, past 50 days)
SKEW Skewness (short-run, monthly)
SKEW.50D Skewness (long-run, past 50 days)
ARIMA.AR1 ARFIMA(2,d,2) model, first AR coefficient
ARIMA.AR2 ARFIMA(2,d,2) model, second AR coefficient
ARIMA.MA1 ARFIMA(2,d,2) model, first MA coefficient
ARIMA.MA2 ARFIMA(2,d,2) model, second MA coefficient
ARIMA.D1 ARFIMA(2,d,2) model, integer degree of differentiation
ARIMA.D.Z.ABS ARFIMA(2,d,2) model, two-tailed t-value of fractional degree of differentiation
ARCH.LM ARFIMA(2,d,2) model, ARCH-LM test on residuals over 12 lags (1 if significant)
C.INDEX.US Correlation, S&P 500 (short-run, monthly)
C.INDEX.US.50D Correlation, S&P 500 (long-run, past 50 days)
C.INDEX.WORLD Correlation, MSCI EAFA (developed world ex. US) (short-run, monthly)
C.INDEX.WORLD.50D Correlation, MSCI EAFA (developed world ex. US) (long-run, past 50 days)
C.INDEX.EMERG Correlation, MSCI Emerging Markets (short-run, monthly)
C.INDEX.EMERG.50D Correlation, MSCI Emerging Markets (long-run, past 50 days)
C.YS.1M3M Correlation, US Government 1- and 3-month bond yield spread (short-run, monthly)
C.YS.1M3M.50D Correlation, change in US Government 1- and 3-month bond yield spread (long-run, past 50 days)
C.YS.3M5Y Correlation, change in US Government 3-month and 5-year bond yield spread (short-run, monthly)
C.YS.1M3M.50D Correlation, change in US Government 3-month and 5-year bond yield spread (long-run, past 50 days)
C.YS.5Y10Y Correlation, change in US Government 5- and 10-year bond yield spread (short-run, monthly)
C.YS.5Y10Y.50D Correlation, change in US Government 5- and 10-year bond yield spread (long-run, past 50 days)
C.YS.10Y30Y Correlation, change in US Government 10- and 30-year bond yield spread (short-run, monthly)
C.YS.10Y30Y.50D Correlation, change in US Government 10- and 30-year bond yield spread (long-run, past 50 days)
C.TIPS.5Y10Y Correlation, change in US Government inflatiom-indexed (TIPS) 5- and 10-year bond yield spread (short-run, monthly)
C.TIPS.5Y10Y.50D Correlation, change in US Government inflatiom-indexed (TIPS) 5- and 10-year bond yield spread (long-run, past 50 days)
C.Y.TIPS.5Y Correlation, change in US Government nominal and TIPS 5-year bond yield spread (short-run, monthly)
C.Y.TIPS.5Y.50D Correlation, change in US Government nominal and TIPS 5-year bond yield spread (long-run, past 50 days)
C.Y.TIPS.10Y Correlation, change in US Government nominal and TIPS 10-year bond yield spread (short-run, monthly)
C.Y.TIPS.10Y.50D Correlation, change in US Government nominal and TIPS 10-year bond yield spread (long-run, past 50 days)
C.YS.CORP Correlation, change in Baa and Aaa corporate yield spread (short-run, monthly)
C.YS.CORP.50D Correlation, change in Baa and Aaa corporate yield spread (long-run, past 50 days)
C.TBILL Correlation, change in 1-month T-Bill (US Government bond) yield (short-run, monthly)
C.TBILL.50D Correlation, change in 1-month T-Bill (US Government bond) yield (long-run, past 50 days)
C.LIBOR Correlation, change in 1-month LIBOR yield (short-run, monthly)
C.LIBOR.50D Correlation, change in 1-month LIBOR yield (long-run, past 50 days)
C.EURIBOR Correlation, change in 1-month EURIBOR yield (short-run, monthly)
C.EURIBOR.50D Correlation, change in 1-month EURIBOR yield (long-run, past 50 days)
C.OIL Correlation, oil futures (WTI) (short-run, monthly)
C.OIL.50D Correlation, oil futures (WTI) (long-run, past 50 days)
RETURN Overall return, short-run (monthly)
RETURN.50D Overall return, long-run (past 50 days)
CRISIS Dummy for financial crisis (1 during period)
PRECRISIS Dummy for period before financial crisis (1 during period)
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TABLE A.13: Summary statistics of raw time series data1

ID Avg. St.D. Max Min Kurt. Skew. ADF d p q Avg., Bid-ask St.D., Bid-ask

1 ALUMINUM.FUTR 0.0004 0.009 0.027 -0.028 0.422 0.093 0.010 -0.055 0 1 0.001 0.002

2 ALUMINUM.PHY.FUTR -0.001 0.010 0.037 -0.035 0.332 0.024 0.010 -0.154 1 2 0.001 0.002

3 ARS.SPOT -0.001 0.013 0.176 -0.336 275.492 -9.875 0.010 0.349 3 2 0.003 0.013

4 AUD.FUTR 0.0001 0.008 0.060 -0.100 9.107 -0.605 0.010 0.056 4 3 0.003 0.004

5 AUD.SPOT 0.00003 0.008 0.083 -0.073 8.764 -0.260 0.010 0.036 4 3 0.003 0.004

6 BRL.FUTR -0.0002 0.009 0.036 -0.053 2.027 -0.175 0.010 0.135 1 1 0.003 0.004

7 BRL.SPOT -0.0001 0.011 0.103 -0.065 6.390 -0.029 0.010 0.137 3 1 0.004 0.005

8 CAD.FUTR 0.00002 0.006 0.051 -0.038 4.457 -0.057 0.010 0.032 2 2 0.002 0.003

9 CAD.SPOT 0.00002 0.006 0.040 -0.033 3.089 -0.101 0.010 0.043 4 3 0.002 0.003

10 CARBON.FUTR -0.001 0.033 0.244 -0.422 16.074 -0.851 0.010 -0.006 2 2 0.006 0.010

11 CHF.FUTR 0.0002 0.007 0.055 -0.046 3.185 0.087 0.010 -0.074 1 1 0.003 0.003

12 CHF.SPOT 0.0003 0.007 0.048 -0.047 2.753 0.130 0.010 -0.096 1 1 0.003 0.004

13 CLP.SPOT -0.00003 0.007 0.038 -0.045 4.137 -0.303 0.010 0.097 5 2 0.002 0.003

14 COAL.FUTR -0.0002 0.014 0.126 -0.118 13.114 -0.240 0.010 0.073 3 2 0.0005 0.002

15 COFFEE.FUTR -0.0002 0.020 0.109 -0.113 1.914 0.071 0.010 0.064 3 2 0.004 0.006

16 COP.SPOT -0.00000 0.008 0.076 -0.068 9.883 0.012 0.010 0.092 2 2 0.002 0.003

17 COPPER.FUTR 0.0002 0.018 0.116 -0.117 4.110 -0.133 0.010 0.166 1 2 0.006 0.008

18 CORN.FUTR -0.0004 0.017 0.087 -0.081 2.102 0.027 0.010 0.022 0 0 0.006 0.007

19 CZK.SPOT 0.0002 0.009 0.046 -0.040 2.446 -0.098 0.010 -0.076 3 2 0.003 0.004

20 ELECTRICITY.FUTR -0.0003 0.031 0.467 -0.456 44.918 1.307 0.010 0.021 2 2 0.002 0.004

21 ETHANOL.FUTR 0.001 0.018 0.094 -0.109 3.593 -0.416 0.010 0.028 3 1 0.003 0.005

22 EUR.FUTR 0.00001 0.006 0.033 -0.031 1.384 -0.039 0.010 -0.003 1 1 0.003 0.003

23 EUR.SPOT 0.00002 0.006 0.035 -0.025 1.408 0.047 0.010 -0.029 1 1 0.002 0.003

24 FEEDERCATTLE.FUTR 0.0001 0.009 0.044 -0.057 1.483 -0.205 0.010 -0.010 0 1 0.003 0.004

25 GAS.FUTR -0.001 0.033 0.324 -0.177 3.855 0.223 0.010 -0.028 0 2 0.011 0.014

26 GASOLINE.FUTR -0.0001 0.023 0.130 -0.118 2.782 -0.313 0.010 0.116 1 2 0.008 0.011

27 GBP.FUTR -0.00002 0.006 0.034 -0.081 11.068 -0.886 0.010 0.101 1 1 0.002 0.003

28 GBP.SPOT -0.00004 0.006 0.029 -0.084 11.913 -0.898 0.010 0.087 1 1 0.002 0.003

29 GEL.SPOT -0.0002 0.005 0.052 -0.051 27.492 -0.866 0.010 0.197 2 1 0.002 0.003

30 GOLD.FUTR 0.0002 0.011 0.088 -0.098 5.995 -0.092 0.010 -0.091 2 1 0.004 0.005

31 GOLD.SPOT 0.0003 0.011 0.102 -0.095 6.651 -0.077 0.010 -0.083 1 1 0.004 0.005

32 HEATOIL.FUTR 0.0002 0.022 0.104 -0.149 2.024 -0.044 0.010 0.130 3 1 0.008 0.010

33 HRK.SPOT 0.00003 0.007 0.042 -0.049 3.569 0.066 0.010 -0.040 1 1 0.003 0.003

34 HUF.SPOT -0.0002 0.008 0.034 -0.036 1.382 0.086 0.010 -0.168 2 0 0.003 0.004

35 IDR.SPOT -0.0001 0.006 0.067 -0.082 17.351 -0.531 0.010 -0.030 0 1 0.003 0.004

36 ILS.SPOT 0.00001 0.005 0.028 -0.042 5.882 -0.206 0.010 -0.018 1 2 0.002 0.002

37 INR.FUTR -0.0001 0.004 0.014 -0.022 2.187 -0.448 0.010 -0.080 2 2 0.001 0.001

38 INR.SPOT -0.0001 0.004 0.035 -0.032 7.280 -0.159 0.010 0.075 1 5 0.001 0.002

39 ISK.SPOT -0.0001 0.010 0.148 -0.138 58.863 0.510 0.010 0.120 2 4 0.002 0.006

40 JPY.FUTR -0.00003 0.007 0.083 -0.040 7.923 0.633 0.010 0.108 3 2 0.003 0.003

41 JPY.SPOT 0.00002 0.007 0.038 -0.055 3.800 0.047 0.010 0.107 5 4 0.003 0.003

42 KRW.SPOT 0.00003 0.007 0.087 -0.080 23.466 0.048 0.010 -0.001 3 0 0.002 0.004

43 LEAD.FUTR 0.0001 0.023 0.128 -0.131 2.751 -0.182 0.010 0.021 1 1 0.002 0.004

44 LEANHOG.FUTR -0.0003 0.015 0.060 -0.167 4.650 -0.423 0.010 -0.021 0 0 0.005 0.006

45 LIVECATTLE.FUTR -0.00002 0.009 0.054 -0.064 1.863 -0.115 0.010 -0.038 1 1 0.003 0.004

46 LUMBER.FUTR -0.001 0.019 0.070 -0.061 -0.009 0.147 0.010 0.038 1 1 0.006 0.007

47 MILK.FUTR 0.0003 0.014 0.168 -0.136 9.006 0.212 0.010 0.101 1 3 0.003 0.005

48 MXN.FUTR 0.00003 0.007 0.065 -0.056 8.223 -0.474 0.010 -0.010 1 2 0.003 0.004

49 MXN.SPOT -0.0002 0.007 0.066 -0.070 10.967 -0.597 0.010 -0.023 2 2 0.003 0.004

50 NOK.FUTR -0.0001 0.008 0.042 -0.049 2.683 -0.286 0.010 0.051 2 2 0.002 0.003

51 NOK.SPOT -0.00001 0.008 0.049 -0.049 2.398 -0.153 0.010 0.074 1 1 0.003 0.004

52 OATS.FUTR -0.0001 0.020 0.111 -0.119 2.274 -0.069 0.010 0.063 4 3 0.007 0.009

53 PALLADIUM.FUTR 0.0002 0.022 0.153 -0.132 4.558 -0.213 0.010 0.061 0 3 0.007 0.010

54 PALLADIUM.SPOT 0.0002 0.022 0.132 -0.170 4.846 -0.311 0.010 0.043 2 2 0.007 0.009

55 PEN.SPOT 0.00001 0.003 0.036 -0.030 21.440 0.130 0.010 0.094 0 2 0.001 0.001

1The first six columns are descriptive statistics of returns. Column "ADF" is the p-value of a augmented
Dickey-Fuller test for stationarity of the whole series (null hypothesis: series is nonstationary). As it is evi-
dent, for every asset considered the null has been rejected. Column "d" is the estimator for fractional integra-
tion, i.e. for long-memory, while p and q are the parameters of the best ARMA(p, q) model found using an
AIC criterion. Overall, the average model ends up with parameters of p and q equal to 2 (after rounding).
The last two columns are basic statistic for the bid-ask estimator by Corwin and Schultz (2012).
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56 PHP.SPOT -0.00004 0.004 0.064 -0.027 27.531 1.527 0.010 0.173 2 1 0.002 0.003

57 PLATINUM.FUTR 0.0002 0.014 0.076 -0.096 3.582 -0.441 0.010 0.099 3 3 0.005 0.006

58 PLATINUM.SPOT 0.0002 0.014 0.087 -0.103 4.796 -0.416 0.010 0.084 1 2 0.005 0.006

59 PLN.SPOT 0.00001 0.009 0.064 -0.051 4.055 -0.260 0.010 -0.041 1 0 0.004 0.005

60 PYG.SPOT -0.0001 0.006 0.107 -0.123 110.565 -1.136 0.010 0.122 2 5 0.003 0.014

61 RICE.FUTR -0.001 0.015 0.078 -0.077 1.582 0.053 0.010 0.014 2 1 0.005 0.006

62 RMB.FUTR 0.00001 0.002 0.011 -0.033 60.263 -4.164 0.010 0.095 1 2 0.004 0.006

63 RMB.SPOT 0.00001 0.002 0.015 -0.027 32.557 -1.827 0.010 -0.051 3 0 0.001 0.001

64 RUB.FUTR -0.0002 0.011 0.094 -0.128 17.246 -0.751 0.010 0.197 3 2 0.002 0.005

65 RUB.SPOT -0.0002 0.008 0.120 -0.117 34.733 -0.352 0.010 0.221 3 5 0.002 0.005

66 RUBBER.FUTR -0.0001 0.021 0.094 -0.117 2.261 -0.349 0.010 0.128 1 2 0.004 0.006

67 SEK.FUTR -0.0001 0.008 0.066 -0.052 4.690 0.126 0.010 0.011 1 2 0.002 0.003

68 SEK.SPOT -0.00000 0.008 0.050 -0.042 2.399 -0.037 0.010 0.023 1 1 0.003 0.004

69 SGD.SPOT 0.0001 0.003 0.024 -0.027 4.402 -0.006 0.010 -0.004 0 3 0.001 0.002

70 SILVER.FUTR 0.0001 0.020 0.125 -0.195 7.146 -0.833 0.010 -0.067 1 1 0.007 0.009

71 SILVER.SPOT 0.0002 0.019 0.132 -0.204 10.017 -1.139 0.010 -0.059 1 1 0.007 0.008

72 SOYBEAN.FUTR 0.0002 0.015 0.067 -0.074 2.213 -0.205 0.010 0.002 1 1 0.005 0.006

73 THB.SPOT -0.0001 0.003 0.014 -0.011 1.400 0.095 0.010 0.122 1 1 0.002 0.002

74 TIN.FUTR 0.0004 0.020 0.155 -0.115 5.190 -0.094 0.010 0.107 1 1 0.001 0.003

75 TRY.SPOT -0.0003 0.009 0.063 -0.075 6.481 -0.591 0.010 -0.046 2 2 0.003 0.004

76 UAH.SPOT -0.002 0.031 0.286 -0.373 67.326 -2.793 0.010 -0.221 2 1 0.013 0.017

77 UYU.SPOT -0.0002 0.007 0.038 -0.071 8.997 -0.690 0.010 0.175 1 1 0.005 0.007

78 WHEAT.FUTR -0.001 0.019 0.088 -0.100 1.863 0.083 0.010 -0.061 0 0 0.007 0.009

79 XBT.BB.SPOT 0.005 0.070 0.517 -0.601 15.552 -0.256 0.010 0.213 1 1 0.009 0.017

80 XBT.BFX 0.002 0.053 0.464 -0.456 15.995 -0.578 0.010 0.086 3 4 0.015 0.030

81 XBT.BST 0.003 0.056 0.446 -0.664 26.018 -1.559 0.010 0.176 1 2 0.015 0.027

82 XBT.CDK 0.004 0.062 0.425 -0.492 11.466 -0.373 0.010 0.266 1 1 0.018 0.037

83 XBT.GOX 0.007 0.072 0.425 -0.491 8.680 -0.280 0.010 0.194 1 2 0.023 0.040

84 ZAR.FUTR -0.00000 0.011 0.107 -0.100 6.849 -0.408 0.010 0.045 1 2 0.002 0.004

85 ZAR.SPOT -0.0002 0.011 0.116 -0.155 14.274 -0.763 0.010 0.051 1 1 0.005 0.006

86 ZINC.FUTR -0.0001 0.022 0.099 -0.113 1.848 -0.123 0.010 0.055 1 1 0.002 0.005
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TABLE A.14: Comparison of error rates after undersampling and SMOTE

Average Generalized Error Error on class 1 Error on class 0

SMOTE 10.577 13.267 20.754
Undersampling 10.460 13.476 19.763

TABLE A.15: Comparison of average generalized errors and average errors on
classes after undersampling vs SMOTE, depending on approach used

Rebalancing Average generalized error Error on class 1 Error on class 0

Spots SMOTE 9.476 14.405 22.523
Undersampl. 10.843 13.818 23.350

Futures SMOTE 12.903 15.108 17.727
Undersampl. 12.933 15.011 16.552

Main SMOTE 12.329 14.646 20.282
Undersampl. 10.843 14.126 19.028

Mixed SMOTE 7.599 11.337 20.448
Undersampl. 7.223 11.232 19.901
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TABLE A.16: Futures approach: selected variables and their importance

Linear SVM Importance Poly SVM Importance RBF SVM Importance Neural networks Importance

STD.50D 0.966 STD.50D 0.966 STD.50D 0.966 STD.50D 16.770
STD 0.955 STD 0.955 STD 0.955 STD 5.594

BIDASK.CS.50D 0.903 RETURN 0.558 BIDASK.CS.50D 0.903 BIDASK.CS.50D 4.701
BIDASK.CS 0.885 RETURN.50D 0.537 BIDASK.CS 0.885 C.YS.10Y30Y.50D 3.764

C.YS.3M5Y.50D 0.641 C.YS.3M5Y.50D 0.641 BIDASK.CS 3.223
C.YS.3M5Y 0.624 C.YS.3M5Y 0.624 RETURN.50D 2.209

C.Y.TIPS.10Y.50D 0.575 C.Y.TIPS.10Y.50D 0.575 KURT.50D 1.978
MEC.5D.MOD 0.570 MEC.5D.MOD 0.570 C.YS.5Y10Y.50D 1.784

C.Y.TIPS.5Y.50D 0.568 C.Y.TIPS.5Y.50D 0.568 C.YS.3M5Y.50D 1.724
C.OIL 0.567 C.OIL 0.567 C.TIPS.5Y10Y.50D 1.636

C.Y.TIPS.5Y 0.566 C.Y.TIPS.5Y 0.566 C.YS.10Y30Y 1.618
C.Y.TIPS.10Y 0.565 C.Y.TIPS.10Y 0.565 RETURN 1.595

C.OIL.50D 0.564 C.OIL.50D 0.564 MEC.5D.MOD 1.546
RETURN 0.558 RETURN 0.559 KURT 1.442

KURT.50D 0.538 KURT.50D 0.538 C.YS.3M5Y 1.441
C.EURIBOR 0.538 C.EURIBOR 0.538 C.YS.5Y10Y 1.187

RETURN.50D 0.537 RETURN.50D 0.537 SKEW 1.062
C.TBILL.50D 0.536 C.TBILL.50D 0.536 SKEW.50D 1.031

C.TBILL 0.535 C.TBILL 0.535 C.YS.1M3M 1.008
C.LIBOR.50D 0.534 C.LIBOR.50D 0.534 C.TIPS.5Y10Y 0.916
ARIMA.MA2 0.533 ARIMA.MA2 0.533 C.YS.1M3M.50D 0.841

C.YS.1M3M.50D 0.530 C.YS.1M3M.50D 0.530
SKEW 0.524 SKEW 0.524

ARIMA.AR1 0.516 ARIMA.AR1 0.516
C.YS.1M3M 0.515 C.YS.1M3M 0.516

C.EURIBOR.50D 0.514 C.EURIBOR.50D 0.514
SKEW.50D 0.513 SKEW.50D 0.513

C.INDEX.US.50D 0.513 C.INDEX.US.50D 0.513
C.LIBOR 0.512 C.YS.CORP 0.512

C.INDEX.US 0.512 C.INDEX.US 0.512
C.YS.CORP 0.512 C.LIBOR 0.512

C.YS.CORP.50D 0.509 C.YS.CORP.50D 0.509
ARCH.LM 0.503 ARCH.LM 0.503

C.INDEX.EMERG 0.503 C.INDEX.EMERG 0.502
ARIMA.D 0.499 ARIMA.D 0.499

CRISIS 0.499 CRISIS 0.499
ARIMA.MA1 0.498 ARIMA.MA1 0.498

C.INDEX.EMERG.50D 0.495 C.INDEX.EMERG.50D 0.495
KURT 0.493 KURT 0.493

ARIMA.D.Z.ABS 0.482 ARIMA.D.Z.ABS 0.482
ARIMA.AR2 0.466 ARIMA.AR2 0.466
C.TIPS.5Y10Y 0.443 C.TIPS.5Y10Y 0.443

C.INDEX.WORLD 0.421 C.INDEX.WORLD 0.421
C.TIPS.5Y10Y.50D 0.417 C.TIPS.5Y10Y.50D 0.417

C.YS.5Y10Y 0.415 C.YS.5Y10Y 0.415
C.INDEX.WORLD.50D 0.397 C.INDEX.WORLD.50D 0.397

C.YS.5Y10Y.50D 0.382 C.YS.5Y10Y.50D 0.382
C.YS.10Y30Y 0.355 C.YS.10Y30Y 0.355

C.YS.10Y30Y.50D 0.302 C.YS.10Y30Y.50D 0.302
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TABLE A.17: Spots approach: selected variables and their importance

Linear SVM Importance Poly SVM Importance RBF SVM Importance Neural networks Importance

STD.50D 0.969 STD.50D 0.969 STD.50D 0.969 STD.50D 13.985
STD 0.953 STD 0.953 STD 0.953 STD 3.748

BIDASK.CS.50D 0.929 RETURN.50D 0.567 BIDASK.CS.50D 0.929 RETURN 2.586
BIDASK.CS 0.900 RETURN 0.563 BIDASK.CS 0.900 RETURN.50D 2.006

C.Y.TIPS.10Y.50D 0.694 C.Y.TIPS.10Y.50D 0.694 SKEW.50D 1.790
C.Y.TIPS.5Y.50D 0.684 C.Y.TIPS.5Y.50D 0.685 KURT.50D 0.888

C.OIL.50D 0.674 C.OIL.50D 0.674 SKEW 0.827
C.YS.3M5Y.50D 0.665 C.YS.3M5Y.50D 0.666 KURT 0.612

C.INDEX.EMERG.50D 0.658 C.INDEX.EMERG.50D 0.658
C.Y.TIPS.5Y 0.647 C.Y.TIPS.5Y 0.647

C.OIL 0.646 C.OIL 0.646
C.Y.TIPS.10Y 0.644 C.Y.TIPS.10Y 0.644
C.YS.3M5Y 0.638 C.YS.3M5Y 0.638
KURT.50D 0.630 KURT.50D 0.630

C.INDEX.US.50D 0.624 C.INDEX.US.50D 0.624
C.INDEX.EMERG 0.612 C.INDEX.EMERG 0.612

C.INDEX.US 0.596 C.INDEX.US 0.596
KURT 0.576 KURT 0.576

RETURN.50D 0.567 RETURN.50D 0.567
RETURN 0.563 RETURN 0.563

ARIMA.MA2 0.540 ARIMA.MA2 0.540
C.INDEX.WORLD.50D 0.536 C.INDEX.WORLD.50D 0.536

C.TBILL 0.536 C.TBILL 0.536
C.TBILL.50D 0.531 C.TBILL.50D 0.531
ARIMA.AR1 0.521 ARIMA.AR1 0.521

C.INDEX.WORLD 0.519 C.INDEX.WORLD 0.519
MEC.5D.MOD 0.513 MEC.5D.MOD 0.513

ARIMA.D.Z.ABS 0.509 ARIMA.D.Z.ABS 0.509
ARIMA.D 0.504 ARIMA.D 0.504

CRISIS 0.502 CRISIS 0.502
C.YS.1M3M.50D 0.502 C.YS.1M3M.50D 0.502

ARCH.LM 0.498 ARCH.LM 0.498
PRECRISIS 0.496 PRECRISIS 0.496
C.YS.CORP 0.490 C.YS.CORP 0.490
C.YS.1M3M 0.487 C.YS.1M3M 0.487

ARIMA.MA1 0.484 ARIMA.MA1 0.484
C.EURIBOR 0.481 C.EURIBOR 0.481

C.YS.CORP.50D 0.477 C.YS.CORP.50D 0.477
C.TIPS.5Y10Y.50D 0.472 C.TIPS.5Y10Y.50D 0.473

C.LIBOR 0.471 C.LIBOR 0.471
C.TIPS.5Y10Y 0.469 C.TIPS.5Y10Y 0.469
C.LIBOR.50D 0.457 C.LIBOR.50D 0.457

C.EURIBOR.50D 0.454 C.EURIBOR.50D 0.454
ARIMA.AR2 0.453 ARIMA.AR2 0.453
C.YS.5Y10Y 0.431 C.YS.5Y10Y 0.431

C.YS.5Y10Y.50D 0.417 C.YS.5Y10Y.50D 0.417
SKEW 0.415 SKEW 0.415

C.YS.10Y30Y 0.377 C.YS.10Y30Y 0.377
C.YS.10Y30Y.50D 0.345 C.YS.10Y30Y.50D 0.345

SKEW.50D 0.342 SKEW.50D 0.342
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TABLE A.18: Main approach: selected variables and their importance

Linear SVM Importance Poly SVM Importance RBF SVM Importance Neural networks Importance

STD.50D 0.957 STD.50D 0.957 STD.50D 0.957 STD.50D 24.394
STD 0.947 STD 0.947 STD 0.947 STD 5.466

BIDASK.CS.50D 0.903 BIDASK.CS.50D 0.903 BIDASK.CS.50D 0.903 CRISIS 5.413
BIDASK.CS 0.882 BIDASK.CS 0.882 BIDASK.CS 0.882 C.INDEX.WORLD.50D 3.617

C.YS.3M5Y.50D 0.561 C.YS.3M5Y.50D 0.561 C.YS.3M5Y.50D 0.561 BIDASK.CS.50D 3.161
MEC.5D.MOD 0.555 MEC.5D.MOD 0.555 MEC.5D.MOD 0.555 RETURN.50D 2.738

C.YS.3M5Y 0.550 C.YS.3M5Y 0.550 C.YS.3M5Y 0.550 C.INDEX.US.50D 2.548
C.OIL 0.545 C.OIL 0.545 C.OIL 0.545 C.Y.TIPS.10Y.50D 2.531

C.OIL.50D 0.545 C.OIL.50D 0.545 C.OIL.50D 0.545 C.Y.TIPS.5Y.50D 2.346
C.YS.CORP.50D 0.535 C.YS.CORP.50D 0.535 C.YS.CORP.50D 0.535 C.Y.TIPS.5Y 2.252
RETURN.50D 0.534 RETURN.50D 0.534 RETURN.50D 0.534 C.YS.3M5Y.50D 2.172

RETURN 0.527 RETURN 0.527 RETURN 0.527 C.TBILL 2.130
C.TBILL 0.521 C.TBILL 0.521 C.TBILL 0.521 C.YS.10Y30Y.50D 1.996

C.TBILL.50D 0.520 C.TBILL.50D 0.520 C.TBILL.50D 0.520 C.OIL.50D 1.833
ARIMA.MA2 0.520 ARIMA.MA2 0.520 ARIMA.MA2 0.520 C.TIPS.5Y10Y.50D 1.553
C.LIBOR.50D 0.519 C.LIBOR.50D 0.519 C.LIBOR.50D 0.519 RETURN 1.530
C.YS.CORP 0.519 C.YS.CORP 0.519 C.YS.CORP 0.519 C.YS.5Y10Y 1.504

C.YS.1M3M.50D 0.515 C.YS.1M3M.50D 0.515 C.YS.1M3M.50D 0.515 C.Y.TIPS.10Y 1.472
ARIMA.AR1 0.509 ARIMA.AR1 0.509 ARIMA.AR1 0.509 C.INDEX.EMERG.50D 1.454
SKEW.50D 0.509 SKEW.50D 0.509 SKEW.50D 0.509 C.YS.1M3M 1.439

C.EURIBOR 0.506 C.EURIBOR 0.506 PRECRISIS 0.507 C.YS.3M5Y 1.439
C.YS.1M3M 0.505 C.YS.1M3M 0.505 C.EURIBOR 0.506 BIDASK.CS 1.405

ARIMA.MA1 0.502 ARIMA.MA1 0.502 C.YS.1M3M 0.505 ARIMA.AR2 1.399
C.Y.TIPS.5Y 0.502 C.Y.TIPS.5Y 0.502 ARIMA.MA1 0.502 C.LIBOR.50D 1.346

C.LIBOR 0.501 C.LIBOR 0.501 C.Y.TIPS.5Y 0.502 ARIMA.MA2 1.326
SKEW 0.501 SKEW 0.501 C.LIBOR 0.501 C.YS.5Y10Y.50D 1.321

ARCH.LM 0.499 ARCH.LM 0.499 SKEW 0.501 C.YS.10Y30Y 1.309
CRISIS 0.498 CRISIS 0.498 ARCH.LM 0.499 C.OIL 1.275

C.Y.TIPS.5Y.50D 0.498 C.Y.TIPS.5Y.50D 0.498 CRISIS 0.498 ARCH.LM 1.270
C.Y.TIPS.10Y 0.497 C.Y.TIPS.10Y 0.497 C.Y.TIPS.5Y.50D 0.498 MEC.5D.MOD 1.265

C.EURIBOR.50D 0.495 C.EURIBOR.50D 0.495 C.Y.TIPS.10Y 0.497 C.INDEX.WORLD 1.235
ARIMA.D 0.495 ARIMA.D 0.495 C.EURIBOR.50D 0.495 C.TIPS.5Y10Y 1.225

C.Y.TIPS.10Y.50D 0.495 C.Y.TIPS.10Y.50D 0.495 ARIMA.D 0.495 C.TBILL.50D 1.173
KURT.50D 0.494 KURT.50D 0.494 C.Y.TIPS.10Y.50D 0.495 C.INDEX.US 1.151

KURT 0.479 KURT 0.479 KURT.50D 0.494 C.YS.CORP.50D 1.078
ARIMA.D.Z.ABS 0.473 ARIMA.D.Z.ABS 0.473 KURT 0.479 C.EURIBOR.50D 1.026

ARIMA.AR2 0.472 ARIMA.AR2 0.472 ARIMA.D.Z.ABS 0.473 C.YS.1M3M.50D 1.005
C.TIPS.5Y10Y 0.445 C.TIPS.5Y10Y 0.445 ARIMA.AR2 0.472 C.LIBOR 0.800

C.TIPS.5Y10Y.50D 0.435 C.TIPS.5Y10Y.50D 0.435 C.TIPS.5Y10Y 0.445 KURT.50D 0.740
C.YS.5Y10Y 0.421 C.YS.5Y10Y 0.421 C.TIPS.5Y10Y.50D 0.435 C.EURIBOR 0.715
C.INDEX.US 0.420 C.INDEX.US 0.420 C.YS.5Y10Y 0.421 ARIMA.AR1 0.570

C.INDEX.US.50D 0.410 C.INDEX.US.50D 0.410 C.INDEX.US 0.420 C.INDEX.EMERG 0.561
C.INDEX.EMERG 0.410 C.INDEX.EMERG 0.410 C.INDEX.US.50D 0.410 KURT 0.551

C.YS.10Y30Y 0.401 C.YS.10Y30Y 0.401 C.INDEX.EMERG 0.410 ARIMA.MA1 0.537
C.YS.5Y10Y.50D 0.398 C.YS.5Y10Y.50D 0.398 C.YS.10Y30Y 0.401 SKEW 0.501

C.INDEX.EMERG.50D 0.387 C.INDEX.EMERG.50D 0.387 C.YS.5Y10Y.50D 0.398 SKEW.50D 0.460
C.INDEX.WORLD 0.377 C.INDEX.WORLD 0.377 C.INDEX.EMERG.50D 0.387 ARIMA.D.Z.ABS 0.397
C.YS.10Y30Y.50D 0.365 C.YS.10Y30Y.50D 0.365 C.INDEX.WORLD 0.377 ARIMA.D 0.396

C.INDEX.WORLD.50D 0.346 C.INDEX.WORLD.50D 0.346 C.YS.10Y30Y.50D 0.365 C.YS.CORP 0.317
C.INDEX.WORLD.50D 0.346
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TABLE A.19: Mixed approach: selected variables and their importance

Linear SVM Importance Poly SVM Importance RBF SVM Importance Neural networks Importance

STD.50D 0.958 STD.50D 0.958 STD.50D 0.958 STD.50D 30.912
STD 0.945 STD 0.945 STD 0.945 CRISIS 6.072

BIDASK.CS.50D 0.904 BIDASK.CS.50D 0.904 BIDASK.CS.50D 0.904 C.Y.TIPS.5Y.50D 5.440
BIDASK.CS 0.881 BIDASK.CS 0.881 BIDASK.CS 0.881 C.Y.TIPS.10Y.50D 4.307

C.YS.3M5Y.50D 0.572 C.YS.3M5Y.50D 0.572 C.YS.3M5Y.50D 0.572 C.INDEX.WORLD.50D 4.087
C.OIL.50D 0.564 C.OIL.50D 0.564 C.OIL.50D 0.564 C.YS.10Y30Y.50D 3.187
C.YS.3M5Y 0.560 C.YS.3M5Y 0.560 C.YS.3M5Y 0.560 C.TIPS.5Y10Y.50D 2.857

C.OIL 0.558 C.OIL 0.558 C.OIL 0.558 RETURN.50D 2.593
MEC.5D.MOD 0.554 MEC.5D.MOD 0.554 MEC.5D.MOD 0.554 C.YS.5Y10Y.50D 2.494
RETURN.50D 0.545 RETURN.50D 0.545 RETURN.50D 0.545 STD 2.426

RETURN 0.538 RETURN 0.538 RETURN 0.538 C.INDEX.US.50D 2.378
C.Y.TIPS.5Y.50D 0.530 C.Y.TIPS.5Y.50D 0.530 C.Y.TIPS.5Y.50D 0.530 C.INDEX.EMERG.50D 2.376

C.Y.TIPS.10Y.50D 0.529 C.Y.TIPS.10Y.50D 0.529 C.Y.TIPS.10Y.50D 0.529 BIDASK.CS.50D 2.086
C.Y.TIPS.5Y 0.526 C.Y.TIPS.5Y 0.526 C.Y.TIPS.5Y 0.526 C.INDEX.US 1.444

C.YS.CORP.50D 0.525 C.YS.CORP.50D 0.525 C.YS.CORP.50D 0.525 MEC.5D.MOD 1.375
C.TBILL.50D 0.521 C.TBILL.50D 0.521 C.TBILL.50D 0.521 C.Y.TIPS.10Y 1.284
C.Y.TIPS.10Y 0.520 C.Y.TIPS.10Y 0.520 C.Y.TIPS.10Y 0.520 C.LIBOR.50D 1.247
ARIMA.MA2 0.520 ARIMA.MA2 0.520 ARIMA.MA2 0.520 KURT.50D 1.225

KURT.50D 0.519 KURT.50D 0.519 KURT.50D 0.519 BIDASK.CS 1.205
C.TBILL 0.517 C.TBILL 0.517 C.TBILL 0.517 C.OIL.50D 1.167

C.YS.CORP 0.515 C.YS.CORP 0.515 C.YS.CORP 0.515 ARIMA.MA1 1.146
C.YS.1M3M.50D 0.515 C.YS.1M3M.50D 0.515 C.YS.1M3M.50D 0.515 ARIMA.AR2 1.122

ARIMA.AR1 0.512 ARIMA.AR1 0.512 ARIMA.AR1 0.512 ARIMA.AR1 1.073
C.LIBOR.50D 0.512 C.LIBOR.50D 0.512 C.LIBOR.50D 0.512 ARIMA.MA2 1.047
C.YS.1M3M 0.509 C.YS.1M3M 0.509 C.YS.1M3M 0.509 C.INDEX.EMERG 0.913
C.EURIBOR 0.504 PRECRISIS 0.504 PRECRISIS 0.504 C.EURIBOR.50D 0.906

CRISIS 0.502 C.EURIBOR 0.504 C.EURIBOR 0.504 C.Y.TIPS.5Y 0.866
ARCH.LM 0.499 CRISIS 0.502 CRISIS 0.502 C.YS.3M5Y 0.851

ARIMA.MA1 0.499 ARCH.LM 0.499 ARCH.LM 0.499 SKEW.50D 0.767
ARIMA.D 0.498 ARIMA.MA1 0.499 ARIMA.MA1 0.499 C.YS.3M5Y.50D 0.758
C.LIBOR 0.497 ARIMA.D 0.498 ARIMA.D 0.498 C.TBILL 0.738

KURT 0.495 C.LIBOR 0.497 C.LIBOR 0.497 C.YS.1M3M 0.699
C.EURIBOR.50D 0.493 KURT 0.495 KURT 0.495 C.YS.1M3M.50D 0.697

SKEW 0.491 C.EURIBOR.50D 0.493 C.EURIBOR.50D 0.493 KURT 0.692
SKEW.50D 0.485 SKEW 0.491 SKEW 0.491 C.YS.5Y10Y 0.659

ARIMA.D.Z.ABS 0.480 SKEW.50D 0.485 SKEW.50D 0.485 C.TIPS.5Y10Y 0.653
ARIMA.AR2 0.473 ARIMA.D.Z.ABS 0.480 ARIMA.D.Z.ABS 0.480 C.YS.CORP.50D 0.627
C.TIPS.5Y10Y 0.453 ARIMA.AR2 0.473 ARIMA.AR2 0.473 C.TBILL.50D 0.569
C.INDEX.US 0.451 C.TIPS.5Y10Y 0.453 C.TIPS.5Y10Y 0.453 ARCH.LM 0.554

C.INDEX.US.50D 0.446 C.INDEX.US 0.451 C.INDEX.US 0.451 RETURN 0.544
C.INDEX.EMERG 0.445 C.INDEX.US.50D 0.446 C.INDEX.US.50D 0.446 C.OIL 0.523
C.TIPS.5Y10Y.50D 0.443 C.INDEX.EMERG 0.445 C.INDEX.EMERG 0.445 C.YS.10Y30Y 0.509

C.INDEX.EMERG.50D 0.436 C.TIPS.5Y10Y.50D 0.443 C.TIPS.5Y10Y.50D 0.443 C.INDEX.WORLD 0.497
C.YS.5Y10Y 0.429 C.INDEX.EMERG.50D 0.436 C.INDEX.EMERG.50D 0.436 PRECRISIS 0.441

C.YS.5Y10Y.50D 0.408 C.YS.5Y10Y 0.429 C.YS.5Y10Y 0.429 ARIMA.D 0.419
C.INDEX.WORLD 0.402 C.YS.5Y10Y.50D 0.408 C.YS.5Y10Y.50D 0.408 C.LIBOR 0.418

C.YS.10Y30Y 0.401 C.INDEX.WORLD 0.402 C.INDEX.WORLD 0.402 C.EURIBOR 0.389
C.INDEX.WORLD.50D 0.380 C.YS.10Y30Y 0.401 C.YS.10Y30Y 0.401 ARIMA.D.Z.ABS 0.308

C.YS.10Y30Y.50D 0.364 C.INDEX.WORLD.50D 0.380 C.INDEX.WORLD.50D 0.380 C.YS.CORP 0.229
C.YS.10Y30Y.50D 0.364 C.YS.10Y30Y.50D 0.364 SKEW 0.223
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TABLE A.20: Futures approach: Models’ performance based on how the prob-
ability threshold was selected.

Models tested Threshold Error on class 1 Error on class 0

Models 1 on level 2 default 2.047 13.486
in-level 5.040 11.091

all-levels 4.124 9.865

Models 1 on level 3 default 7.882 16.090
in-level 12.187 13.440

all-levels 11.049 11.490

Models 1 on level 4 default 13.892 24.668
in-level 18.570 21.878

all-levels 18.658 21.053

Models 2 on level 3 default 14.541 12.409
in-level 17.821 10.332

all-levels 14.397 12.443

Models 2 on level 4 default 18.899 20.858
in-level 21.702 18.861

all-levels 19.167 20.974

Models 3 on level 4 default 11.455 18.290
in-level 14.101 18.366

all-levels 8.874 20.106

Default: 0.5, in-level: determined using cross-validation within level data
all-levels: determined using cross-validation within data up to level 3 inclusively.
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TABLE A.21: Main market approach: Models’ performance based on how the
probability threshold was selected.

Models tested Threshold Error on class 1 Error on class 0

Models 1 on level 2 default 1.715 13.311
in-level 7.341 8.608

all-levels 4.022 8.378

Models 1 on level 3 default 10.444 16.970
in-level 16.454 11.956

all-levels 14.937 12.019

Models 1 on level 4 default 15.760 25.028
in-level 22.787 20.006

all-levels 21.060 20.691

Models 2 on level 3 default 15.083 14.579
in-level 18.248 11.475

all-levels 15.100 14.370

Models 2 on level 4 default 19.198 21.916
in-level 23.320 20.018

all-levels 20.344 21.478

Models 3 on level 4 default 8.525 15.721
in-level 10.469 15.009

all-levels 6.048 19.302

Default: 0.5, in-level: determined using cross-validation within level data
all-levels: determined using cross-validation within data up to level 3 inclusively.
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TABLE A.22: Spots approach: Models’ performance based on how the proba-
bility threshold was selected.

Models tested Threshold Error on class 1 Error on class 0

Models 1 on level 2 default 1.818 15.145
in-level 3.080 13.585

all-levels 3.702 10.544

Models 1 on level 3 default 11.102 19.179
in-level 12.917 17.507

all-levels 14.612 13.603

Models 1 on level 4 default 15.553 27.217
in-level 18.760 26.314

all-levels 20.273 22.616

Models 2 on level 3 default 14.855 15.039
in-level 15.509 15.238

all-levels 16.293 12.246

Models 2 on level 4 default 18.377 23.146
in-level 20.260 23.526

all-levels 21.626 21.046

Default: 0.5, in-level: determined using cross-validation within level data
all-levels: determined using cross-validation within data up to level 3 inclusively.
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TABLE A.23: Comparison of error rates across approaches.

Spots Futures Main Mixed

Error on currencies 16.630 16.520 16.830 16.230
Error on commodities 16.210 13.270 14.340 13.280

Average 16.420 14.895 15.585 14.755

TABLE A.24: Comparison of error rates belonging to SVM models trained on
level 1 assets based on the four approaches, and tested on level 2, 3 and 4 assets.

Model Test level Spots Futures Main Mixed

Linear level 2 6.93 6.93 6.04 5.86
Linear level 3 12.86 12.86 14.47 14.33
Linear level 4 19.63 19.63 21.93 21.39

Polynomial level 2 5.26 5.26 4.92 5.28
Polynomial level 3 11.8 11.8 12.86 12.85
Polynomial level 4 19.49 19.49 20.27 19.93

RBF level 2 6.67 6.67 5.56 6.55
RBF level 3 10.9 10.9 14.18 13.72
RBF level 4 20.16 20.16 22.26 20.39

Average error on approach 12.63 12.63 13.61 13.37

TABLE A.25: Comparison of error rates belonging to SVM models trained on
level 2 assets based on the four approaches, and tested on level 3 and 4 assets.

Model Test level Spots Futures Main Mixed

Linear level 3 14.9 14.9 17.02 15.85
Linear level 4 19.11 19.11 21.55 19.14

Polynomial level 3 12.92 12.92 14.1 13.18
Polynomial level 4 20.03 20.03 19.72 18.03

RBF level 3 12.06 12.06 12.94 11.01
RBF level 4 17.8 17.8 19.12 17.56

Average error on approach 16.14 16.14 17.41 15.8
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TABLE A.26: Comparison of error rates belonging to SVM models trained on
level 3 assets based on the four approaches, and tested on level 4 assets.

Model Futures Main Mixed

Linear 11.48 10.5 11.43
Polynomial 15.01 11.45 11.63

RBF 14.57 10.75 11.23
Average error on approach 13.69 10.9 11.43

Spots approach is not available for models trained on level 3

TABLE A.27: Comparison of error rates belonging to NN models trained on
level 1 assets based on the four approaches, and tested on level 2, 3 and 4

assets.

Model Test level Spots Futures Main Mixed

Logistic level 2 6.47 6.47 6.41 6.75
Logistic level 3 11.91 11.91 13.02 12.4
Logistic level 4 20.83 20.83 18.99 21.46

Tanh level 2 7.78 7.78 8.82 7.54
Tanh level 3 13.93 13.93 15.16 14.84
Tanh level 4 19.8 19.8 21.55 22.4

Average error on approach 13.45 13.45 13.99 14.23

TABLE A.28: Comparison of error rates belonging to NN models trained on
level 2 assets based on the four approaches, and tested on level 3 and 4 assets.

Model Test level Spots Futures Main Mixed

Logistic level 3 13.62 13.62 14.66 14.27
Logistic level 4 21.65 21.65 21.23 20.42

Tanh level 3 13.5 13.5 15.34 14.88
Tanh level 4 21.44 21.44 22.05 20.01

Average error on approach 17.55 17.55 18.32 17.39
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TABLE A.29: Comparison of error rates belonging to NN models trained on
level 3 assets based on the four approaches, and tested on level 4 assets.

Model Futures Main Mixed

Logistic 18.76 14.26 12.73
Tanh 16.77 16.01 13

Average error on approach 17.77 15.14 12.87

Spots approach is not available for models trained on level 3
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TABLE A.30: Comparison of models trained on level 1 assets

Level tested Gen. err. rate Err. on class 1 Err. on class 0 Total err.

Linear 2 6.557 1.869 9.093 5.481
3 6.557 13.976 13.616 13.796
4 6.557 19.333 21.033 20.183

Polynomial 2 8.197 2.108 7.649 4.879
3 8.197 11.188 10.845 11.016
4 8.197 18.457 21.181 19.819

RBF 2 8.197 3.436 9.248 6.342
3 8.197 11.653 10.878 11.266
4 8.197 16.227 20.567 18.397

Logistic 2 1.639 5.995 5.849 5.922
3 1.639 15.905 8.382 12.143
4 1.639 22.954 18.207 20.580

Tanh 2 4.918 3.638 13.198 8.418
3 4.918 13.536 15.571 14.553
4 4.918 19.704 24.297 22.001

TABLE A.31: Comparison of models trained on level 2 assets

Level tested Gen. err. rate Err. on class 1 Err. on class 0 Total err.

Linear 3 3.302 14.342 16.259 15.301
4 3.302 15.951 21.812 18.882

Polynomial 3 3.302 13.918 10.115 12.017
4 3.302 14.132 20.266 17.199

RBF 3 3.302 14.816 8.360 11.588
4 3.302 18.460 17.120 17.790

Logistic 3 3.302 14.938 11.951 13.444
4 3.302 19.837 20.051 19.944

Tanh 3 6.604 19.726 10.064 14.895
4 6.604 25.087 19.099 22.093
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TABLE A.32: Comparison of models trained on level 3 assets

Level tested Gen. err. rate Err. on class 1 Err. on class 0 Total err.

Linear 4 8.257 7.598 17.598 12.598
Polynomial 4 4.587 3.719 17.542 10.630

RBF 4 4.954 3.506 18.871 11.189
Logistic 4 7.339 9.650 15.238 12.444

Tanh 4 8.440 7.573 17.174 12.373
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TABLE A.33: SVM initial parameters chosen

C degree σ scale

SVM Lin 1 − − −
SVM Poly 1*-2 2 − 0.01
SVM RBF 2 − 0.013 −
*on level 2

TABLE A.34: SVM respecified grid

Linear C 0.05, 0.1, 0.25, 0.5, 0.75, 1, 1.25, 1.5, 2, 3

Polynomial C 0.5, 0.75, 1, 1.25, 1.5, 1.75, 2, 2.25, 2.5, 31
d 1, 2, 3, 4
scale 0.005, 0.006, 0.007, 0.008, 0.009, 0.01, 0.02, 0.03, 0.04, 0.05

RBF C 0.25, 0.5, 0.75, 1, 1.25, 1.5, 1.75, 2, 2.25, 2.5, 2.75, 3, 4
σ 0.005, 0.008, 0.009, 0.01, 0.011, 0.012, 0.013, 0.014

0.015, 0.016, 0.017, 0.018, 0.019, 0.02

TABLE A.35: Linear kernel SVM optimal parameters

Level 1 Level 2 Level 3

C 0.100 0.050 0.050

TABLE A.36: Polynomial kernel SVM optimal parameters

Level 1 Level 2 Level 3

C 3 0.500 4
d 2 2 2

scale 0.008 0.020 0.006
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TABLE A.37: RBF kernel SVM optimal parameters

Level1 Level 2 Level 3

C 3 1.250 1.500
σ 0.007 0.017 0.020

TABLE A.38: Logistic activation function NN, optimal layout

Level 1 Level 2 Level 3

Hidden nodes 27 31 41
Hidden layers 1 2 1

TABLE A.39: Hyperbolic tangent activation function NN, optimal layout

Level 1 Level 2 Level 3

Hidden nodes 28 39 33
Hidden layers 1 1 1



Appendix A. Appendix 155

TABLE A.40: SVM models’ error on assets

Models tested Type Threshold Error on class 1 Error on class 0

Models 1 on level 2 Linear 0.614 1.869 9.093
Poly 0.763 2.108 7.649
RBF 0.735 3.436 9.248

Models 1 on level 3 Linear 0.614 13.976 13.616
Poly 0.763 11.188 10.845
RBF 0.735 11.653 10.878

Models 1 on level 4 Linear 0.614 19.333 21.033
Poly 0.763 18.457 21.181
RBF 0.735 16.227 20.567

Models 2 on level 3 Linear 0.470 14.342 16.259
Poly 0.754 13.918 10.115
RBF 0.822 14.816 8.360

Models 2 on level 4 Linear 0.470 15.951 21.812
Poly 0.754 14.132 20.266
RBF 0.822 18.460 17.120

Models 3 on level 4 Linear 0.384 7.598 17.598
Poly 0.476 3.719 17.542
RBF 0.394 3.506 18.871

Even after moving the operating point closer to the point that minimizes the Euclidean dis-
tance to the ideal operating point, an imbalance towards higher FPR can still be observed.
The same case applies to linear, polynomial and RBF kernel SVM models trained on level 3,
except for linear kernel SVM model trained on level 1, for which the optimal cutoff is 0.796,
however with this value the bias improvement on level 1 would be lost on superior lev-
els. Among level 1 SVM models, the linear kernel SVM was quickly excluded as it showed
higher error rates and a large bias on level 1. Even though polynomial kernel and RBF ker-
nel had comparable error rates, a much lower bias was found in the case of the polynomial
kernel. Among level 2 models, the linear kernel SVM was again excluded due to higher
error rates, and the decision was made in favor of RBF kernel SVM as it has shown lower
error rates on each class compared to polynomial kernel, with their bias being comparable.
Among level 3 models, polynomial kernel SVM showed again the lowest error.
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TABLE A.41: NN models’ error on assets

Models tested Type Threshold Error on class 1 Error on class 0

Models 1 on level 2 Logistic 0.938 5.995 5.849
Tanh 0.648 3.638 13.198

Models 1 on level 3 Logistic 0.938 15.905 8.382
Tanh 0.648 13.536 15.571

Models 1 on level 4 Logistic 0.938 22.954 18.207
Tanh 0.648 19.704 24.297

Models 2 on level 3 Logistic 0.788 14.938 11.951
Tanh 0.985 19.726 10.064

Models 2 on level 4 Logistic 0.788 19.837 20.051
Tanh 0.985 25.087 19.099

Models 3 on level 4 Logistic 0.534 9.650 15.238
Tanh 0.489 7.573 17.174

Among level 1 NN models, it is clear that the logistic NN has lower error rates across
models and also a lower bias. On level 2, logistic NN had lower overall error rates within
each class and was consistent across levels. On level 3 logistic NN had a comparable error
rate with hyperbolic tangent NN but much lower bias.
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TABLE A.42: Two-sample Kolmogorov-Smirnov test and F-scores ranking re-
sults of level 1 polynomial kernel SVM

Variable KS-statistic p-value Variable F-score
STD.50D 0.768 0 ∗∗∗∗ STD.50D 0.559
STD 0.703 0 ∗∗∗∗ BIDASK.CS.50D 0.488
BIDASK.CS.50D 0.703 0 ∗∗∗∗ STD 0.392
BIDASK.CS 0.524 0 ∗∗∗∗ BIDASK.CS 0.251
SKEW.50D 0.455 0.002 ∗∗ RETURN 0.215
RETURN 0.452 0 ∗∗∗∗ RETURN.50D 0.133
KURT.50D 0.427 0.004 ∗∗ C.INDEX.WORLD.50D 0.108
C.YS.3M5Y.50D 0.397 0.007 ∗∗ KURT.50D 0.091
MEC.5D.MOD 0.374 0.014 ∗ C.YS.10Y30Y 0.085
C.LIBOR 0.374 0.016 ∗ SKEW.50D 0.085
C.INDEX.US 0.374 0.015 ∗ C.INDEX.US.50D 0.077
RETURN.50D 0.367 0.022 ∗ C.Y.TIPS.5Y.50D 0.076
C.Y.TIPS.5Y.50D 0.364 0.018 ∗ C.INDEX.US 0.075
C.LIBOR.50D 0.349 0.025 ∗ C.YS.5Y10Y 0.074
C.YS.CORP 0.346 0.038 ∗ C.Y.TIPS.10Y.50D 0.072
C.YS.5Y10Y.50D 0.341 0.037 ∗ C.INDEX.WORLD 0.06
C.Y.TIPS.10Y.50D 0.33 0.061 C.LIBOR 0.059
C.INDEX.WORLD.50D 0.33 0.048 ∗ C.YS.CORP.50D 0.05
C.YS.5Y10Y 0.293 0.108 C.LIBOR.50D 0.043
C.YS.CORP.50D 0.293 0.107 C.YS.CORP 0.04
C.INDEX.US.50D 0.278 0.131 C.YS.5Y10Y.50D 0.036
C.EURIBOR.50D 0.277 0.142 C.YS.1M3M 0.029
ARIMA.AR1 0.277 0.133 C.YS.3M5Y.50D 0.027
C.TBILL.50D 0.274 0.133 C.TBILL.50D 0.025
C.OIL.50D 0.268 0.159 KURT 0.023
ARIMA.MA1 0.267 0.172 C.TBILL 0.022
C.Y.TIPS.10Y 0.261 0.173 C.YS.1M3M.50D 0.021
C.INDEX.WORLD 0.254 0.225 PRECRISIS 0.019
C.YS.3M5Y 0.249 0.233 C.TIPS.5Y10Y 0.019
C.YS.10Y30Y 0.246 0.245 C.YS.10Y30Y.50D 0.018
C.TBILL 0.239 0.252 ARIMA.D 0.016
C.TIPS.5Y10Y.50D 0.233 0.286 C.OIL.50D 0.014
C.YS.1M3M 0.227 0.318 C.Y.TIPS.5Y 0.013
C.INDEX.EMERG.50D 0.218 0.342 ARIMA.D.Z.ABS 0.013
C.OIL 0.213 0.378 MEC.5D.MOD 0.013
KURT 0.206 0.427 C.OIL 0.011
C.YS.1M3M.50D 0.186 0.528 C.TIPS.5Y10Y.50D 0.011
C.YS.10Y30Y.50D 0.185 0.511 ARIMA.AR1 0.011
ARIMA.MA2 0.182 0.555 C.Y.TIPS.10Y 0.009
C.Y.TIPS.5Y 0.181 0.581 C.INDEX.EMERG.50D 0.009
C.TIPS.5Y10Y 0.157 0.706 ARIMA.AR2 0.007
ARIMA.D.Z.ABS 0.152 0.751 C.EURIBOR.50D 0.006
ARIMA.AR2 0.147 0.773 CRISIS 0.005
C.EURIBOR 0.143 0.823 ARIMA.MA2 0.004
SKEW 0.141 0.841 ARIMA.MA1 0.004
PRECRISIS 0.133 0.266 C.EURIBOR 0.002
C.INDEX.EMERG 0.099 0.983 C.YS.3M5Y 0.002
CRISIS 0.041 0.577 C.INDEX.EMERG 0.001
ARIMA.D 0.031 0.533 SKEW 0
ARCH.LM 0 1 ARCH.LM 0
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TABLE A.43: Two-sample Kolmogorov-Smirnov test and F-scores ranking re-
sults of level 2 RBF kernel SVM

Variable KS-statistic p-value Variable F-score
STD.50D 0.886 0 ∗∗∗∗ STD.50D 0.957
BIDASK.CS.50D 0.807 0 ∗∗∗∗ BIDASK.CS.50D 0.724
STD 0.795 0 ∗∗∗∗ STD 0.707
BIDASK.CS 0.707 0 ∗∗∗∗ BIDASK.CS 0.631
RETURN 0.426 0 ∗∗∗∗ C.YS.10Y30Y 0.118
C.YS.3M5Y.50D 0.39 0 ∗∗∗∗ C.YS.3M5Y.50D 0.115
C.OIL.50D 0.366 0 ∗∗∗∗ C.OIL.50D 0.111
SKEW.50D 0.354 0 ∗∗∗∗ C.Y.TIPS.5Y.50D 0.101
C.YS.3M5Y 0.323 0 ∗∗∗∗ C.Y.TIPS.10Y.50D 0.093
KURT.50D 0.321 0 ∗∗∗∗ C.INDEX.EMERG.50D 0.084
RETURN.50D 0.308 0 ∗∗∗∗ C.YS.3M5Y 0.079
C.YS.10Y30Y 0.303 0 ∗∗∗∗ C.YS.10Y30Y.50D 0.077
C.Y.TIPS.5Y.50D 0.298 0 ∗∗∗∗ C.Y.TIPS.5Y 0.073
C.Y.TIPS.10Y.50D 0.284 0 ∗∗∗∗ KURT.50D 0.071
C.Y.TIPS.5Y 0.259 0.002 ∗∗ C.Y.TIPS.10Y 0.068
C.Y.TIPS.10Y 0.236 0.004 ∗∗ C.OIL 0.062
C.INDEX.EMERG.50D 0.229 0.003 ∗∗ SKEW.50D 0.056
C.OIL 0.218 0.01 ∗∗ C.INDEX.EMERG 0.044
C.YS.10Y30Y.50D 0.216 0.01 ∗∗ C.YS.5Y10Y 0.039
C.YS.5Y10Y.50D 0.205 0.02 ∗ C.YS.5Y10Y.50D 0.029
C.TIPS.5Y10Y 0.205 0.007 ∗∗ RETURN 0.027
C.INDEX.EMERG 0.202 0.02 ∗ C.INDEX.US.50D 0.023
C.YS.5Y10Y 0.192 0.034 ∗ C.TIPS.5Y10Y 0.019
C.TBILL 0.159 0.108 CRISIS 0.017
C.INDEX.US.50D 0.156 0.11 C.INDEX.US 0.016
C.TIPS.5Y10Y.50D 0.152 0.133 ARIMA.AR1 0.014
ARIMA.AR1 0.148 0.181 ARIMA.MA1 0.008
C.INDEX.US 0.145 0.166 C.TBILL 0.008
ARIMA.MA2 0.137 0.228 RETURN.50D 0.007
ARIMA.MA1 0.136 0.249 ARIMA.AR2 0.007
MEC.5D.MOD 0.133 0.266 KURT 0.006
C.EURIBOR 0.131 0.278 ARIMA.MA2 0.006
C.LIBOR.50D 0.125 0.325 SKEW 0.005
C.TBILL.50D 0.122 0.348 C.LIBOR.50D 0.005
ARIMA.AR2 0.118 0.4 ARIMA.D 0.004
C.YS.CORP 0.115 0.434 ARIMA.D.Z.ABS 0.004
C.YS.CORP.50D 0.103 0.571 C.YS.CORP 0.004
ARIMA.D.Z.ABS 0.101 0.569 C.TIPS.5Y10Y.50D 0.002
C.YS.1M3M 0.1 0.587 C.YS.1M3M 0.002
C.LIBOR 0.098 0.606 C.TBILL.50D 0.002
C.INDEX.WORLD 0.098 0.621 C.INDEX.WORLD 0.001
C.EURIBOR.50D 0.097 0.637 MEC.5D.MOD 0.001
SKEW 0.097 0.616 ARCH.LM 0.001
C.YS.1M3M.50D 0.089 0.73 C.YS.CORP.50D 0.001
C.INDEX.WORLD.50D 0.088 0.758 C.EURIBOR 0.001
KURT 0.088 0.753 C.LIBOR 0
CRISIS 0.069 0.062 C.EURIBOR.50D 0
ARIMA.D 0.022 0.401 PRECRISIS 0
ARCH.LM 0.007 0.705 C.YS.1M3M.50D 0
PRECRISIS 0.004 0.96 C.INDEX.WORLD.50D 0
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TABLE A.44: Two-sample Kolmogorov-Smirnov test and F-scores ranking re-
sults of level 2 Polynomial kernel SVM

KS-statistic pvalue V3 Variable F-score
STD.50D 0.886 0 ∗∗∗∗ STD.50D 0.960
STD 0.833 0 ∗∗∗∗ BIDASK.CS.50D 0.719
BIDASK.CS.50D 0.807 0 ∗∗∗∗ STD 0.718
BIDASK.CS 0.688 0 ∗∗∗∗ BIDASK.CS 0.604
RETURN 0.426 0 ∗∗∗∗ C.YS.10Y30Y 0.115
SKEW.50D 0.373 0 ∗∗∗∗ C.YS.3M5Y.50D 0.103
C.YS.3M5Y.50D 0.371 0 ∗∗∗∗ C.OIL.50D 0.099
C.OIL.50D 0.328 0 ∗∗∗∗ C.INDEX.EMERG.50D 0.093
C.YS.3M5Y 0.323 0 ∗∗∗∗ C.Y.TIPS.5Y.50D 0.090
KURT.50D 0.321 0 ∗∗∗∗ C.Y.TIPS.10Y.50D 0.080
RETURN.50D 0.308 0 ∗∗∗∗ C.YS.3M5Y 0.077
C.YS.10Y30Y 0.303 0 ∗∗∗∗ KURT.50D 0.075
C.Y.TIPS.5Y.50D 0.279 0 ∗∗∗∗ C.YS.10Y30Y.50D 0.067
C.Y.TIPS.10Y.50D 0.265 0 ∗∗∗∗ SKEW.50D 0.066
C.Y.TIPS.5Y 0.24 0.004 ∗∗ C.Y.TIPS.10Y 0.061
C.INDEX.EMERG.50D 0.231 0.009 ∗∗ C.Y.TIPS.5Y 0.060
C.YS.5Y10Y.50D 0.217 0.009 ∗∗ C.OIL 0.059
C.Y.TIPS.10Y 0.217 0.015 ∗ C.INDEX.EMERG 0.045
C.YS.5Y10Y 0.211 0.014 ∗ C.YS.5Y10Y 0.044
C.INDEX.EMERG 0.202 0.018 ∗ C.YS.5Y10Y.50D 0.032
C.OIL 0.198 0.02 ∗ RETURN 0.026
C.TIPS.5Y10Y 0.198 0.022 ∗ C.TIPS.5Y10Y 0.023
C.YS.10Y30Y.50D 0.197 0.024 ∗ C.INDEX.US.50D 0.021
C.TBILL 0.159 0.112 CRISIS 0.017
ARIMA.MA2 0.156 0.14 C.INDEX.US 0.012
C.INDEX.US.50D 0.152 0.138 C.TBILL 0.011
C.TBILL.50D 0.141 0.218 ARIMA.AR2 0.010
C.TIPS.5Y10Y.50D 0.134 0.265 SKEW 0.009
C.YS.CORP 0.134 0.246 ARIMA.MA2 0.009
SKEW 0.133 0.253 ARIMA.AR1 0.008
ARIMA.AR2 0.131 0.272 RETURN.50D 0.008
C.INDEX.US 0.126 0.323 KURT 0.007
C.LIBOR.50D 0.125 0.331 C.LIBOR.50D 0.006
MEC.5D.MOD 0.122 0.338 C.YS.CORP 0.006
C.YS.1M3M.50D 0.122 0.376 C.TBILL.50D 0.005
ARIMA.AR1 0.111 0.482 ARIMA.D 0.004
ARIMA.D.Z.ABS 0.101 0.557 ARIMA.D.Z.ABS 0.004
C.INDEX.WORLD 0.101 0.59 C.YS.1M3M 0.003
C.YS.1M3M 0.1 0.591 ARIMA.MA1 0.003
ARIMA.MA1 0.098 0.604 C.TIPS.5Y10Y.50D 0.002
C.EURIBOR 0.093 0.697 C.INDEX.WORLD 0.001
C.LIBOR 0.09 0.694 MEC.5D.MOD 0.001
C.YS.CORP.50D 0.086 0.752 C.YS.1M3M.50D 0.001
KURT 0.086 0.76 ARCH.LM 0.001
C.INDEX.WORLD.50D 0.083 0.813 C.YS.CORP.50D 0.001
C.EURIBOR.50D 0.078 0.856 C.LIBOR 0
CRISIS 0.069 0.076 C.EURIBOR 0
ARIMA.D 0.022 0.392 C.EURIBOR.50D 0
ARCH.LM 0.007 0.728 PRECRISIS 0
PRECRISIS 0.004 0.963 C.INDEX.WORLD.50D 0
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TABLE A.45: Two-sample Kolmogorov-Smirnov test and F-scores ranking re-
sults of level 3 polynomial kernel SVM

Variables KS-statistic p-value Variables F-score
STD.50D 0.842 0 ∗∗∗∗ STD.50D 0.999
STD 0.799 0 ∗∗∗∗ STD 0.833
BIDASK.CS.50D 0.721 0 ∗∗∗∗ BIDASK.CS.50D 0.673
BIDASK.CS 0.662 0 ∗∗∗∗ BIDASK.CS 0.564
RETURN 0.345 0 ∗∗∗∗ C.INDEX.WORLD.50D 0.055
C.INDEX.WORLD.50D 0.266 0 ∗∗∗∗ C.YS.10Y30Y.50D 0.050
RETURN.50D 0.265 0 ∗∗∗∗ C.INDEX.WORLD 0.047
C.INDEX.WORLD 0.251 0 ∗∗∗∗ C.YS.10Y30Y 0.047
C.YS.10Y30Y 0.221 0 ∗∗∗∗ C.YS.5Y10Y 0.038
C.YS.10Y30Y.50D 0.217 0 ∗∗∗∗ C.YS.5Y10Y.50D 0.024
C.INDEX.US.50D 0.208 0 ∗∗∗∗ C.OIL 0.020
C.YS.3M5Y.50D 0.193 0 ∗∗∗∗ C.OIL.50D 0.019
C.INDEX.US 0.187 0.001 ∗∗∗ C.YS.3M5Y.50D 0.017
C.YS.5Y10Y.50D 0.187 0 ∗∗∗∗ C.YS.3M5Y 0.015
C.YS.3M5Y 0.182 0 ∗∗∗∗ C.INDEX.US.50D 0.014
C.YS.5Y10Y 0.181 0 ∗∗∗∗ C.TIPS.5Y10Y 0.011
C.INDEX.EMERG.50D 0.169 0 ∗∗∗∗ C.TBILL 0.010
C.TIPS.5Y10Y 0.134 0.015 ∗ C.Y.TIPS.5Y 0.009
C.INDEX.EMERG 0.133 0.014 ∗ C.INDEX.EMERG.50D 0.009
C.OIL.50D 0.133 0.013 ∗ C.YS.CORP 0.008
C.TBILL 0.129 0.011 ∗ C.TBILL.50D 0.008
SKEW.50D 0.126 0.025 ∗ C.INDEX.US 0.007
KURT.50D 0.122 0.035 ∗ C.Y.TIPS.5Y.50D 0.006
C.YS.CORP 0.121 0.022 ∗ RETURN 0.006
C.Y.TIPS.5Y.50D 0.118 0.047 ∗ C.INDEX.EMERG 0.005
C.OIL 0.115 0.049 ∗ C.LIBOR.50D 0.005
C.Y.TIPS.5Y 0.111 0.082 MEC.5D.MOD 0.004
C.Y.TIPS.10Y 0.11 0.058 SKEW.50D 0.004
ARIMA.D.Z.ABS 0.108 0.084 ARIMA.D.Z.ABS 0.004
C.Y.TIPS.10Y.50D 0.106 0.078 C.YS.CORP.50D 0.003
C.TBILL.50D 0.104 0.089 C.Y.TIPS.10Y 0.003
C.TIPS.5Y10Y.50D 0.1 0.12 ARIMA.AR2 0.002
C.LIBOR.50D 0.087 0.236 C.EURIBOR 0.002
C.YS.CORP.50D 0.085 0.237 C.LIBOR 0.002
C.EURIBOR 0.085 0.249 C.TIPS.5Y10Y.50D 0.002
C.LIBOR 0.083 0.289 KURT.50D 0.001
MEC.5D.MOD 0.077 0.332 PRECRISIS 0.001
C.YS.1M3M 0.074 0.432 ARIMA.AR1 0.001
KURT 0.068 0.494 C.Y.TIPS.10Y.50D 0.001
ARIMA.AR1 0.062 0.622 C.YS.1M3M 0.001
ARIMA.AR2 0.061 0.653 RETURN.50D 0.001
ARIMA.MA2 0.059 0.678 ARIMA.MA2 0
ARIMA.MA1 0.052 0.821 KURT 0
C.YS.1M3M.50D 0.05 0.856 SKEW 0
SKEW 0.041 0.956 C.EURIBOR.50D 0
C.EURIBOR.50D 0.04 0.966 ARIMA.MA1 0
PRECRISIS 0.036 0.401 ARIMA.D 0
ARIMA.D 0.001 0.946 ARCH.LM 0
CRISIS 0.001 0.977 C.YS.1M3M.50D 0
ARCH.LM 0 0.93 CRISIS 0
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TABLE A.46: Two-sample Kolmogorov-Smirnov test and F-scores ranking re-
sults of level 1 logistic NN

Variables KS-statistic p-value Variable F-score
STD.50D 0.731 0 ∗∗∗∗ STD.50D 0.549
STD 0.671 0 ∗∗∗∗ STD 0.390
BIDASK.CS.50D 0.637 0 ∗∗∗∗ BIDASK.CS.50D 0.355
BIDASK.CS 0.458 0.002 ∗∗ BIDASK.CS 0.178
SKEW.50D 0.455 0.003 ∗∗ C.INDEX.US 0.168
RETURN 0.452 0.001 ∗∗∗ RETURN 0.167
C.INDEX.US 0.44 0.001 ∗∗∗ C.INDEX.WORLD.50D 0.163
C.YS.CORP 0.436 0.001 ∗∗∗ C.INDEX.US.50D 0.154
KURT.50D 0.427 0.006 ∗∗ RETURN.50D 0.108
C.YS.3M5Y.50D 0.39 0.005 ∗∗ C.INDEX.WORLD 0.107
C.Y.TIPS.5Y.50D 0.364 0.036 ∗ KURT.50D 0.102
C.LIBOR 0.364 0.027 ∗ C.Y.TIPS.10Y.50D 0.080
C.TBILL.50D 0.361 0.019 ∗ SKEW.50D 0.077
C.YS.CORP.50D 0.356 0.026 ∗ C.YS.CORP.50D 0.072
RETURN.50D 0.355 0.031 ∗ C.YS.5Y10Y 0.070
C.INDEX.WORLD.50D 0.346 0.025 ∗ C.Y.TIPS.5Y.50D 0.062
C.INDEX.US.50D 0.339 0.04 ∗ C.TBILL.50D 0.061
C.Y.TIPS.10Y.50D 0.33 0.047 ∗ C.TBILL 0.060
C.INDEX.WORLD 0.317 0.067 C.YS.CORP 0.057
C.YS.3M5Y 0.315 0.072 PRECRISIS 0.044
MEC.5D.MOD 0.308 0.07 C.YS.3M5Y.50D 0.042
ARIMA.AR1 0.295 0.1 C.LIBOR 0.040
C.YS.5Y10Y 0.293 0.122 C.LIBOR.50D 0.032
C.LIBOR.50D 0.289 0.096 C.YS.5Y10Y.50D 0.029
C.YS.5Y10Y.50D 0.275 0.147 C.YS.10Y30Y 0.024
ARIMA.MA1 0.267 0.154 C.YS.3M5Y 0.024
C.Y.TIPS.10Y 0.261 0.177 C.Y.TIPS.10Y 0.023
C.TBILL 0.254 0.196 ARIMA.AR1 0.021
C.YS.1M3M.50D 0.252 0.211 ARIMA.AR2 0.020
ARIMA.MA2 0.248 0.217 C.Y.TIPS.5Y 0.018
C.YS.10Y30Y 0.237 0.266 KURT 0.016
C.TIPS.5Y10Y.50D 0.233 0.259 C.YS.10Y30Y.50D 0.016
C.OIL 0.226 0.304 ARIMA.D 0.016
ARIMA.AR2 0.212 0.376 ARIMA.MA2 0.015
KURT 0.206 0.438 C.YS.1M3M 0.014
PRECRISIS 0.198 0.091 C.YS.1M3M.50D 0.012
C.YS.10Y30Y.50D 0.185 0.517 C.INDEX.EMERG.50D 0.011
SKEW 0.183 0.545 ARIMA.MA1 0.009
C.YS.1M3M 0.177 0.585 ARIMA.D.Z.ABS 0.007
C.Y.TIPS.5Y 0.177 0.616 C.INDEX.EMERG 0.006
C.EURIBOR.50D 0.177 0.604 CRISIS 0.005
C.INDEX.EMERG.50D 0.177 0.603 C.TIPS.5Y10Y 0.003
C.INDEX.EMERG 0.165 0.652 C.EURIBOR.50D 0.003
C.OIL.50D 0.158 0.72 SKEW 0.003
ARIMA.D.Z.ABS 0.154 0.728 C.OIL.50D 0.001
C.EURIBOR 0.152 0.752 C.TIPS.5Y10Y.50D 0.001
C.TIPS.5Y10Y 0.148 0.8 C.EURIBOR 0.001
CRISIS 0.041 0.573 MEC.5D.MOD 0
ARIMA.D 0.031 0.524 C.OIL 0
ARCH.LM 0 1 ARCH.LM
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TABLE A.47: Two-sample Kolmogorov-Smirnov test and F-scores ranking re-
sults of level 2 logistic NN

Variables KS-statistic p-value Variables F-score
STD.50D 0.865 0 ∗∗∗∗ STD.50D 0.928
STD 0.801 0 ∗∗∗∗ STD 0.705
BIDASK.CS.50D 0.771 0 ∗∗∗∗ BIDASK.CS.50D 0.682
BIDASK.CS 0.709 0 ∗∗∗∗ BIDASK.CS 0.609
RETURN 0.417 0 ∗∗∗∗ C.YS.3M5Y.50D 0.108
C.YS.3M5Y.50D 0.383 0 ∗∗∗∗ C.OIL.50D 0.103
C.OIL.50D 0.347 0 ∗∗∗∗ C.Y.TIPS.5Y.50D 0.099
SKEW.50D 0.344 0 ∗∗∗∗ C.YS.10Y30Y 0.091
C.YS.3M5Y 0.338 0 ∗∗∗∗ C.Y.TIPS.10Y.50D 0.085
KURT.50D 0.333 0 ∗∗∗∗ KURT.50D 0.073
RETURN.50D 0.302 0 ∗∗∗∗ C.YS.3M5Y 0.072
C.Y.TIPS.5Y.50D 0.299 0 ∗∗∗∗ C.Y.TIPS.5Y 0.071
C.YS.10Y30Y 0.288 0 ∗∗∗∗ C.INDEX.EMERG.50D 0.065
C.Y.TIPS.10Y.50D 0.283 0.001 ∗∗∗ C.YS.10Y30Y.50D 0.064
C.Y.TIPS.5Y 0.276 0 ∗∗∗∗ C.Y.TIPS.10Y 0.062
C.Y.TIPS.10Y 0.247 0.001 ∗∗∗ C.OIL 0.057
C.OIL 0.209 0.017 ∗ SKEW.50D 0.053
C.INDEX.EMERG.50D 0.201 0.02 ∗ C.INDEX.EMERG 0.032
C.YS.10Y30Y.50D 0.198 0.027 ∗ RETURN 0.027
C.YS.5Y10Y 0.192 0.022 ∗ C.YS.5Y10Y 0.025
C.INDEX.EMERG 0.19 0.036 ∗ C.YS.5Y10Y.50D 0.019
C.YS.5Y10Y.50D 0.179 0.048 ∗ CRISIS 0.016
C.TBILL 0.156 0.132 C.INDEX.US.50D 0.014
C.TIPS.5Y10Y 0.149 0.158 ARIMA.AR2 0.013
ARIMA.AR1 0.148 0.157 ARIMA.MA2 0.010
C.TBILL.50D 0.147 0.164 ARIMA.AR1 0.009
ARIMA.AR2 0.144 0.189 KURT 0.009
MEC.5D.MOD 0.143 0.191 C.TBILL 0.009
C.EURIBOR 0.136 0.24 RETURN.50D 0.009
C.YS.CORP.50D 0.133 0.266 C.INDEX.US 0.008
C.LIBOR.50D 0.129 0.318 C.LIBOR.50D 0.007
C.INDEX.US.50D 0.128 0.297 C.TIPS.5Y10Y 0.006
C.TIPS.5Y10Y.50D 0.128 0.287 ARIMA.MA1 0.006
C.YS.CORP 0.12 0.391 SKEW 0.005
ARIMA.MA1 0.118 0.382 C.YS.1M3M 0.004
C.YS.1M3M 0.113 0.435 C.TBILL.50D 0.004
C.LIBOR 0.111 0.455 C.INDEX.WORLD 0.004
ARIMA.MA2 0.11 0.466 ARIMA.D.Z.ABS 0.003
C.INDEX.US 0.106 0.52 ARIMA.D 0.003
KURT 0.102 0.558 C.YS.CORP 0.003
SKEW 0.101 0.617 MEC.5D.MOD 0.002
C.INDEX.WORLD 0.101 0.59 C.EURIBOR.50D 0.001
ARIMA.D.Z.ABS 0.092 0.673 C.YS.1M3M.50D 0.001
C.EURIBOR.50D 0.087 0.756 C.INDEX.WORLD.50D 0.001
C.YS.1M3M.50D 0.087 0.756 ARCH.LM 0.001
C.INDEX.WORLD.50D 0.085 0.762 C.LIBOR 0.001
CRISIS 0.066 0.085 C.EURIBOR 0.001
ARIMA.D 0.021 0.399 PRECRISIS 0
PRECRISIS 0.018 0.808 C.YS.CORP.50D 0
ARCH.LM 0.006 0.753 C.TIPS.5Y10Y.50D 0
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TABLE A.48: Two-sample Kolmogorov-Smirnov test and F-scores ranking re-
sults of level 3 logistic NN

Variables KS-statistic p-value Variables F-score
STD.50D 0.814 0 ∗∗∗∗ STD.50D 0.981
STD 0.792 0 ∗∗∗∗ STD 0.830
BIDASK.CS.50D 0.697 0 ∗∗∗∗ BIDASK.CS.50D 0.665
BIDASK.CS 0.67 0 ∗∗∗∗ BIDASK.CS 0.578
RETURN 0.336 0 ∗∗∗∗ C.YS.10Y30Y.50D 0.072
C.INDEX.WORLD.50D 0.264 0 ∗∗∗∗ C.YS.10Y30Y 0.053
RETURN.50D 0.26 0 ∗∗∗∗ C.INDEX.WORLD.50D 0.052
C.YS.10Y30Y.50D 0.249 0 ∗∗∗∗ C.YS.5Y10Y 0.041
C.INDEX.WORLD 0.236 0 ∗∗∗∗ C.INDEX.WORLD 0.040
C.YS.10Y30Y 0.234 0 ∗∗∗∗ C.YS.5Y10Y.50D 0.031
C.INDEX.US.50D 0.211 0 ∗∗∗∗ C.OIL.50D 0.022
C.YS.5Y10Y 0.2 0 ∗∗∗∗ C.OIL 0.022
C.YS.3M5Y.50D 0.191 0 ∗∗∗∗ C.YS.3M5Y.50D 0.019
C.YS.3M5Y 0.175 0 ∗∗∗∗ C.YS.CORP 0.015
C.YS.5Y10Y.50D 0.171 0 ∗∗∗∗ C.YS.3M5Y 0.014
C.INDEX.EMERG.50D 0.169 0 ∗∗∗∗ C.INDEX.US.50D 0.013
C.INDEX.US 0.167 0.001 ∗∗∗ C.TIPS.5Y10Y 0.011
C.TIPS.5Y10Y 0.144 0.006 ∗∗ C.YS.CORP.50D 0.009
C.OIL.50D 0.137 0.008 ∗∗ C.INDEX.EMERG.50D 0.008
ARIMA.D.Z.ABS 0.13 0.016 ∗ C.Y.TIPS.5Y 0.008
C.INDEX.EMERG 0.13 0.019 ∗ PRECRISIS 0.008
C.YS.CORP 0.129 0.018 ∗ C.INDEX.US 0.007
C.OIL 0.126 0.024 ∗ C.Y.TIPS.5Y.50D 0.006
C.YS.CORP.50D 0.118 0.042 ∗ ARIMA.D.Z.ABS 0.006
C.Y.TIPS.5Y 0.113 0.05 ∗ C.LIBOR.50D 0.005
C.Y.TIPS.5Y.50D 0.113 0.052 ARCH.LM 0.005
KURT 0.112 0.048 ∗ C.LIBOR 0.004
C.TIPS.5Y10Y.50D 0.112 0.065 C.EURIBOR 0.003
SKEW.50D 0.111 0.065 KURT 0.003
C.LIBOR 0.11 0.072 C.TBILL.50D 0.003
C.Y.TIPS.10Y.50D 0.1 0.103 MEC.5D.MOD 0.003
C.LIBOR.50D 0.096 0.125 C.TIPS.5Y10Y.50D 0.003
C.Y.TIPS.10Y 0.093 0.168 SKEW.50D 0.003
C.TBILL 0.09 0.177 RETURN 0.003
C.EURIBOR 0.09 0.207 C.TBILL 0.002
C.TBILL.50D 0.084 0.231 ARIMA.AR2 0.002
PRECRISIS 0.084 0.041 ∗ C.INDEX.EMERG 0.002
KURT.50D 0.083 0.287 C.Y.TIPS.10Y 0.002
C.YS.1M3M 0.076 0.349 CRISIS 0.001
C.YS.1M3M.50D 0.072 0.42 C.EURIBOR.50D 0.001
ARIMA.AR2 0.068 0.484 ARIMA.MA1 0.001
MEC.5D.MOD 0.068 0.508 ARIMA.D 0.001
C.EURIBOR.50D 0.067 0.519 SKEW 0.001
SKEW 0.064 0.571 ARIMA.MA2 0.001
ARIMA.MA2 0.064 0.596 C.YS.1M3M.50D 0.001
ARIMA.MA1 0.055 0.757 C.Y.TIPS.10Y.50D 0
ARIMA.AR1 0.051 0.813 C.YS.1M3M 0
CRISIS 0.022 0.397 KURT.50D 0
ARCH.LM 0.015 0.086 RETURN.50D 0
ARIMA.D 0.008 0.538 ARIMA.AR1 0
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TABLE A.49: Classification of level 2 assets using logistic ANN model of level
1

Commodities Error Rate % Currencies Error Rate %

PLATINUM.FUTR 12.95 JPY.FUTR 10.37
PLATINUM.SPOT 18.75 JPY.SPOT 9.40
PALLADIUM.FUTR 2.08 GBP.FUTR 2.88
PALLADIUM.SPOT 1.46 GBP.SPOT 0.75
SILVER.FUTR 0 − 0
SILVER.SPOT 0.72 − 0

Average error 5.99 Average error 5.85

TABLE A.50: Classification of level 3 assets using polynomial kernel SVM
model trained on level 1

Commodities Error Rate % Currencies Error Rate %

OATS.FUTR 0 CHF.FUTR 8.25
CORN.FUTR 3.65 CHF.SPOT 8.82
RICE.FUTR 4.83 MXN.FUTR 15.65
COFFEE.FUTR 1.75 MXN.SPOT 12.50
MILK.FUTR 8.89 INR.FUTR 0
LIVECATTLE.FUTR 29.79 INR.SPOT 4.08
LEANHOG.FUTR 0.71 SEK.FUTR 6.35
GAS.FUTR 0 SEK.SPOT 14.69
HEATOIL.FUTR 0.69 RMB.FUTR 12.50
ETHANOL.FUTR 8.24 RMB.SPOT 4.08
LUMBER.FUTR 1.42 TRY.SPOT 20.21
COPPER.FUTR 2.14 CLP.SPOT 4.20

Average error 5.18 Average error 9.28
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TABLE A.51: Classification of level 3 assets using logistic ANN model of level
2

Commodities Error Rate % Currencies Error Rate %

OATS.FUTR 0.74 CHF.FUTR 6.19
CORN.FUTR 5.84 CHF.SPOT 5.88
RICE.FUTR 8.28 MXN.FUTR 20.41
COFFEE.FUTR 3.51 MXN.SPOT 18.06
MILK.FUTR 24.44 INR.FUTR 0
LIVECATTLE.FUTR 42.55 INR.SPOT 4.76
LEANHOG.FUTR 5.67 SEK.FUTR 6.35
GAS.FUTR 0 SEK.SPOT 21.68
HEATOIL.FUTR 0.69 RMB.FUTR 6.25
ETHANOL.FUTR 10.59 RMB.SPOT 2.04
LUMBER.FUTR 4.26 TRY.SPOT 20.21
COPPER.FUTR 4.29 CLP.SPOT 6.72

Average error 9.24 Average error 9.88

TABLE A.52: Classification of level 3 assets using logistic NN model trained
on level 1

Commodities Error Rate % Currencies Error Rate %

OATS.FUTR 0 CHF.FUTR 6.19
CORN.FUTR 5.11 CHF.SPOT 4.90
RICE.FUTR 8.28 MXN.FUTR 8.84
COFFEE.FUTR 3.51 MXN.SPOT 11.11
MILK.FUTR 19.26 INR.FUTR 0
LIVECATTLE.FUTR 45.39 INR.SPOT 4.08
LEANHOG.FUTR 3.55 SEK.FUTR 4.76
GAS.FUTR 0 SEK.SPOT 12.59
HEATOIL.FUTR 2.78 RMB.FUTR 6.25
ETHANOL.FUTR 11.76 RMB.SPOT 4.08
LUMBER.FUTR 2.13 TRY.SPOT 17.02
COPPER.FUTR 5 CLP.SPOT 3.36

Average error 8.90 Average error 6.93
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TABLE A.53: Classification of level 4 assets using polynomial kernel SVM
model trained on level 1

Commodities Error Rate % Currencies Error Rate %

WHEAT.FUTR 0.63 ARS.SPOT 18
SOYBEAN.FUTR 1.89 PHP.SPOT 3.11
RUBBER.FUTR 0.93 COP.SPOT 20.98
LEAD.FUTR 14.85 SGD.SPOT 1.24
ZINC.FUTR 15.09 CZK.SPOT 16.98
TIN.FUTR 27.59 HUF.SPOT 9.30
GASOLINE.FUTR 0 THB.SPOT 0
FEEDERCATTLE.FUTR 40.25 HRK.SPOT 10

UAH.SPOT 95.24

Average error 12.65 Average error 19.43

Without UAH.SPOT, average error on currencies is 9.95%.

TABLE A.54: Classification of level 4 assets using logistic NN model trained
on level 1

Commodities Error Rate % Currencies Error Rate %

WHEAT.FUTR 1.89 ARS.SPOT 16
SOYBEAN.FUTR 6.29 PHP.SPOT 3.11
RUBBER.FUTR 3.74 COP.SPOT 19.58
LEAD.FUTR 21.78 SGD.SPOT 0
ZINC.FUTR 20.75 CZK.SPOT 13.21
TIN.FUTR 31.03 HUF.SPOT 4.65
GASOLINE.FUTR 2.86 THB.SPOT 0
FEEDERCATTLE.FUTR 57.86 HRK.SPOT 6.88

UAH.SPOT 90.48

Average error 18.28 Average error 17.10

Without UAH.SPOT, average error on currencies is 7.92%.
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TABLE A.55: Classification of level 4 assets using RBF kernel SVM model
trained on level 2

Commodities Error Rate % Currencies Error Rate %

WHEAT.FUTR 1.26 ARS.SPOT 10
SOYBEAN.FUTR 1.26 PHP.SPOT 3.11
RUBBER.FUTR 1.87 COP.SPOT 18.88
LEAD.FUTR 14.85 SGD.SPOT 0
ZINC.FUTR 14.15 CZK.SPOT 12.26
TIN.FUTR 20.69 HUF.SPOT 6.98
GASOLINE.FUTR 1.90 THB.SPOT 0
FEEDERCATTLE.FUTR 45.28 HRK.SPOT 7.50

UAH.SPOT 80.95

Average error 12.66 Average error 15.52

Without UAH.SPOT, average error on currencies is 7.34%.

TABLE A.56: Classification of level 4 assets using logistic NN model trained
on level 2

Commodities Error Rate % Currencies Error Rate %

WHEAT.FUTR 1.89 ARS.SPOT 17.33
SOYBEAN.FUTR 1.89 PHP.SPOT 3.73
RUBBER.FUTR 1.87 COP.SPOT 22.38
LEAD.FUTR 13.86 SGD.SPOT 0
ZINC.FUTR 15.09 CZK.SPOT 20.75
TIN.FUTR 24.14 HUF.SPOT 25.58
GASOLINE.FUTR 0.95 THB.SPOT 0
FEEDERCATTLE.FUTR 55.35 HRK.SPOT 9.38

UAH.SPOT 90.48

Average error 14.38 Average error 21.07

Without UAH.SPOT, average error on currencies is 12.4%.
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TABLE A.57: Yearly average class probabilities for Bitcoin, NN model Level 3

Year XBT.BST XBT.CDK XBT.GOX XBT.BFX XBT.BB.SPOT

2010 1.00
2011 1.00 1.00 1.00
2012 0.99 1.00 1.00
2013 1.00 1.00 1.00 1.00
2014 1.00 1.00 1.00 1.00
2015 1.00 1.00 1.00 1.00
2016 1.00 1.00 1.00 1.00

TABLE A.58: Yearly average class probabilities for Bitcoin, SVM model Level 3

Year XBT.BST XBT.CDK XBT.GOX XBT.BFX XBT.BB.SPOT

2010 1.00
2011 1.00 1.00 1.00
2012 0.99 0.99 0.99
2013 1.00 1.00 1.00 1.00
2014 1.00 1.00 1.00 1.00
2015 1.00 1.00 1.00 1.00
2016 0.99 0.99 0.99 0.99

TABLE A.62: Class probabilities for commodity currency spots prediction us-
ing logistic SVM model trained on level 3 (monthly)

D.START AUD.SPOT CAD.SPOT NOK.SPOT ISK.SPOT RUB.SPOT ZAR.SPOT BRL.SPOT IDR.SPOT

2001-07-30 0.32023 0.01273 0.09470 0.76495 0.03508 0.99883

2001-08-27 0.71708 0.00579 0.15796 0.45201 0.06017 0.23196

2001-10-01 0.68950 0.00487 0.00719 0.61161 0.87007 0.63163

2001-10-29 0.26356 0.00709 0.05886 0.53932 0.86026 0.72556

2001-11-26 0.08656 0.00432 0.02381 0.75062 1.00000 0.99335

2001-12-31 0.03281 0.00392 0.01267 0.18389 1 0.99370

2002-01-28 0.07133 0.00701 0.00125 0.00953 1.00000 0.75473

2002-02-25 0.04944 0.00630 0.00753 0.01339 0.01868 0.99995 0.68693 0.04856

2002-04-01 0.13087 0.00541 0.06698 0.35442 0.07477 0.99794 0.66096 0.91275

2002-04-29 0.05030 0.00088 0.04867 0.05383 0.00569 0.95575 0.24816 0.79267

2002-05-27 0.49119 0.02177 0.02573 0.05089 0.00077 0.99713 0.99092 0.99827

2002-07-29 0.44864 0.01640 0.47342 0.39568 0.00036 0.99108 1.00000 0.99271

2002-08-26 0.17748 0.03370 0.33217 0.51277 0.00093 0.98382 1.00000 0.94501

2002-09-30 0.11048 0.03434 0.00344 0.10704 0.00021 0.82907 0.99999 0.22051

2002-10-28 0.03918 0.00608 0.07470 0.04015 0.00005 0.40944 1.00000 0.27292

2002-11-25 0.03046 0.00797 0.01339 0.19090 0.00023 0.99287 0.99971 0.01322

2002-12-30 0.04994 0.01063 0.13999 0.15175 0.00042 0.99973 0.99682 0.00951

2003-01-27 0.06300 0.03292 0.01015 0.36640 0.00098 0.99926 0.97244 0.00459

2003-02-24 0.08092 0.00684 0.22593 0.26984 0.00146 0.99445 0.86826 0.00314
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2003-03-31 0.00978 0.02076 0.03494 0.31530 0.00302 0.92143 0.98864 0.03249

2003-04-28 0.01434 0.02246 0.03891 0.38728 0.00051 0.99996 0.99862 0.04029

2003-05-26 0.03838 0.15255 0.05057 0.02936 0.00280 0.99998 0.98898 0.08325

2003-06-30 0.27938 0.39824 0.41547 0.20480 0.01174 0.97941 0.86699 0.31640

2003-07-28 0.48833 0.15371 0.12265 0.27836 0.00492 0.91900 0.73233 0.08581

2003-09-01 0.35480 0.07831 0.31510 0.76783 0.00548 0.99332 0.35385 0.11648

2003-10-27 0.03218 0.03163 0.16806 0.19860 0.01135 0.93774 0.04467 0.02207

2003-12-01 0.21781 0.10838 0.04338 0.19228 0.00415 0.99962 0.02165 0.01001

2003-12-29 0.03362 0.11137 0.13988 0.06656 0.00081 1.00000 0.07471 0.00255

2004-01-26 0.13970 0.11326 0.08268 0.01310 0.00085 0.99996 0.06428 0.00256

2004-03-01 0.10924 0.02008 0.71101 0.01848 0.00029 0.99901 0.03049 0.00475

2004-03-29 0.60022 0.01184 0.26880 0.00218 0.00039 0.99981 0.04718 0.00356

2004-04-26 0.15271 0.00739 0.00657 0.00229 0.00078 0.99891 0.29305 0.05041

2004-05-31 0.04765 0.00144 0.05625 0.03212 0.00068 0.99414 0.51202 0.05222

2004-06-28 0.16626 0.00063 0.06360 0.06597 0.00091 0.97020 0.13162 0.18929

2004-07-26 0.07817 0.03118 0.07850 0.03230 0.00009 0.97649 0.04212 0.03573

2004-08-30 0.01545 0.07304 0.23434 0.00753 0.00043 0.86560 0.01405 0.15951

2004-09-27 0.07222 0.07720 0.19526 0.00421 0.02571 0.59287 0.01743 0.15239

2004-11-01 0.08570 0.16472 0.06963 0.05896 0.00520 0.61098 0.00902 0.02084

2004-11-29 0.27840 0.14088 0.04627 0.40968 0.00188 0.64482 0.16931 0.00938

2004-12-27 0.11519 0.11559 0.03495 0.05917 0.00217 0.97840 0.21409 0.03537

2005-01-31 0.05336 0.11352 0.14560 0.23150 0.00159 0.96088 0.13561 0.01756

2005-02-28 0.19962 0.05969 0.25964 0.75135 0.01056 0.92940 0.33251 0.00268

2005-03-28 0.05935 0.01802 0.43556 0.38422 0.00745 0.84018 0.27274 0.00093

2005-04-25 0.01493 0.00300 0.05922 0.14019 0.00059 0.81660 0.05698 0.02001

2005-05-30 0.06771 0.00647 0.07618 0.37785 0.00361 0.98309 0.71057 0.00220

2005-06-27 0.09492 0.02017 0.19289 0.05351 0.00146 0.98728 0.95361 0.00605

2005-08-01 0.02002 0.03984 0.06500 0.01579 0.00096 0.43215 0.99816 0.07720

2005-08-29 0.04567 0.03052 0.08184 0.01391 0.00051 0.17447 0.95456 0.87041

2005-09-26 0.00963 0.08534 0.12943 0.18078 0.00069 0.04045 0.40263 0.68899

2005-10-31 0.00134 0.01186 0.02368 0.39087 0.00086 0.01297 0.09301 0.11726

2005-11-28 0.01699 0.01736 0.31129 0.52737 0.00320 0.16551 0.96967 0.40686

2005-12-26 0.00761 0.00423 0.20721 0.06757 0.00918 0.10634 0.81712 0.03458

2006-01-30 0.00534 0.00049 0.04384 0.78663 0.00067 0.05539 0.47199 0.17663

2006-02-27 0.04985 0.02711 0.05018 0.98733 0.00032 0.22501 0.46539 0.08759

2006-03-27 0.07854 0.02295 0.01831 0.99960 0.00022 0.68058 0.54869 0.14423

2006-05-01 0.16035 0.00737 0.13283 0.99598 0.00040 0.75859 0.08204 0.95367

2006-05-29 0.03961 0.03454 0.08417 0.97910 0.00044 0.95293 0.98856 0.25528

2006-06-26 0.01257 0.01790 0.14415 0.20375 0.000004 0.85046 0.83014 0.12482

2006-07-31 0.00938 0.02970 0.02855 0.09882 0.00005 0.89947 0.01515 0.00880

2006-08-28 0.00319 0.05110 0.01762 0.08491 0.00006 0.74432 0.04780 0.01166

2006-09-25 0.00351 0.02140 0.01646 0.00647 0.00001 0.86079 0.01416 0.01790

2006-11-27 0.00116 0.03747 0.02691 0.72471 0.00017 0.86799 0.00205 0.00237

2007-01-01 0.01198 0.01804 0.11801 0.48878 0.00006 0.36418 0.00009 0.00056

2007-02-26 0.07243 0.01294 0.03159 0.29146 0.00010 0.13684 0.00149 0.00036

2007-07-30 0.03883 0.05112 0.00303 0.16161 0.00536 0.01552 0.13298 0.00169

2007-08-27 0.05020 0.04225 0.18786 0.23243 0.00651 0.06168 0.44551 0.00014

2007-10-01 0.03002 0.06417 0.25392 0.15342 0.00163 0.33755 0.41905 0.00014

2007-10-29 0.29637 0.39051 0.37461 0.04503 0.00043 0.39636 0.29612 0.00011

2007-11-26 0.00060 0.01134 0.03023 0.00778 0.00013 0.02514 0.01211 0.00001

2007-12-31 0.00025 0.00043 0.01076 0.10858 0.00011 0.01600 0.00766 0.00004

2008-01-28 0.00059 0.00164 0.00333 0.01261 0.00003 0.02327 0.00259 0.00001

2008-02-25 0.00788 0.00125 0.03103 0.95596 0.00004 0.01094 0.00421 0.00001

2008-03-31 0.03447 0.00108 0.07709 0.98739 0.00007 0.10648 0.00151 0.00001

2008-04-28 0.04973 0.02964 0.04533 0.99849 0.00013 0.01716 0.02638 0.00001

2008-05-26 0.00161 0.00672 0.03494 0.67687 0.00027 0.00394 0.00139 0.00007

2008-06-30 0.00152 0.00172 0.05204 0.46359 0.00247 0.01426 0.00084 0.00008

2008-07-28 0.04885 0.01265 0.23967 0.42078 0.00634 0.71167 0.01312 0.00007

2008-09-01 0.00005 0.00052 0.07160 0.00640 0.00778 0.03246 0.00001 0.00020

2008-09-29 0.03912 0.00003 0.09525 1 0.00054 0.65536 0.99845 0.00086

2008-10-27 0.96565 0.01160 0.07687 1 0.00049 0.99983 0.99981 0.88729

2008-12-01 0.48142 0.02361 0.67964 1.00000 0.00045 0.99218 0.99998 0.99879

2008-12-29 0.01915 0.00681 0.06985 0.99998 0.27578 0.64578 0.97931 0.95701

2009-01-26 0.00965 0.00019 0.01340 0.63481 0.43025 0.15503 0.26262 0.00883

2009-02-23 0.00066 0.00003 0.00711 0.72991 0.00343 0.01154 0.00184 0.03409

2009-03-30 0.00362 0.00004 0.00488 0.22948 0.00010 0.02346 0.00054 0.13544

2009-04-27 0.03832 0.00231 0.01251 0.17715 0.00170 0.58088 0.01653 0.22551

2009-06-01 0.01359 0.03543 0.01645 0.26347 0.00072 0.39676 0.12074 0.08122

2009-06-29 0.14413 0.13018 0.05375 0.36718 0.54158 0.96263 0.63633 0.58987
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2009-07-27 0.01493 0.00314 0.08486 0.58173 0.04395 0.25268 0.12058 0.00092

2009-08-31 0.13781 0.00385 0.18009 0.12060 0.01216 0.77216 0.41188 0.03523

2009-09-28 0.00699 0.08245 0.01400 0.03879 0.00027 0.34183 0.72356 0.18270

2009-10-26 0.00073 0.00703 0.00039 0.00126 0.00036 0.79011 0.03073 0.02124

2009-11-30 0.00370 0.00370 0.00125 0.01825 0.02198 0.32018 0.00443 0.00598

2009-12-28 0.01350 0.00349 0.00941 0.02827 0.12742 0.38486 0.01108 0.00547

2010-02-01 0.04281 0.00476 0.02101 0.02598 0.01568 0.09392 0.02402 0.01486

2010-03-01 0.00933 0.00279 0.00963 0.01164 0.00099 0.03862 0.04687 0.00092

2010-03-29 0.00376 0.00775 0.01616 0.01427 0.00124 0.03926 0.07394 0.00016

2010-04-26 0.01154 0.00027 0.00167 0.86704 0.00111 0.03019 0.06120 0.42250

2010-05-31 0.00797 0.00109 0.00074 0.51750 0.00018 0.00297 0.00991 0.14928

2010-06-28 0.01084 0.00026 0.01945 0.92893 0.00002 0.00907 0.03523 0.00209

2010-07-26 0.00249 0.00048 0.04253 0.02491 0.00103 0.04029 0.03454 0.00183

2010-08-30 0.00026 0.00013 0.02414 0.00881 0.00150 0.01034 0.06133 0.00186

2010-09-27 0.00361 0.00061 0.03286 0.00462 0.00128 0.00784 0.08618 0.00136

2010-11-01 0.01339 0.00285 0.01748 0.00064 0.00071 0.01057 0.03270 0.00054

2010-11-29 0.02092 0.00545 0.01089 0.00169 0.00046 0.02741 0.03346 0.00002

2010-12-27 0.05010 0.00043 0.01691 0.00507 0.00049 0.02560 0.05483 0.00025

2011-01-31 0.03478 0.02800 0.12192 0.01782 0.00347 0.07799 0.02106 0.00199

2011-02-28 0.02442 0.00060 0.18627 0.03873 0.00444 0.56064 0.02821 0.00089

2011-03-28 0.00199 0.00039 0.06373 0.03350 0.00646 0.13127 0.08732 0.00005

2011-04-25 0.00529 0.00034 0.08754 0.00793 0.00051 0.05120 0.20398 0.00020

2011-05-30 0.00468 0.00003 0.12811 0.00704 0.00087 0.10716 0.04099 0.00165

2011-06-27 0.00355 0.00001 0.03096 0.00549 0.00015 0.08356 0.00815 0.00199

2011-08-01 0.00148 0.00017 0.04721 0.00615 0.00540 0.05363 0.02865 0.01152

2011-12-26 0.00077 0.00016 0.03179 0.00222 0.02281 0.16039 0.02098 0.06137

2012-01-30 0.00058 0.00008 0.04685 0.00081 0.07747 0.06655 0.00165 0.04053

2012-02-27 0.00232 0.00007 0.24025 0.03985 0.01251 0.14402 0.01906 0.03593

2012-03-26 0.00031 0.00001 0.03017 0.00278 0.00047 0.00547 0.06036 0.07468

2012-04-30 0.00186 0.00003 0.00659 0.00696 0.00018 0.00059 0.95183 0.00355

2012-05-28 0.00053 0.00002 0.00351 0.04505 0.00307 0.00400 0.60211 0.01272

2012-06-25 0.00009 0.000004 0.00842 0.00562 0.00950 0.01393 0.82256 0.00647

2012-07-30 0.00073 0.00001 0.00785 0.00148 0.00318 0.03110 0.00565 0.00255

2012-08-27 0.00044 0.00023 0.02817 0.00097 0.00147 0.28478 0.00255 0.00545

2012-10-01 0.01734 0.00142 0.01046 0.00434 0.00351 0.96791 0.00426 0.00768

2012-10-29 0.00046 0.00002 0.00086 0.00035 0.00027 0.71969 0.00088 0.00736

2012-11-26 0.00479 0.00017 0.01399 0.00498 0.00796 0.12336 0.25077 0.00126

2012-12-31 0.00342 0.00017 0.04613 0.00930 0.01287 0.59462 0.23177 0.00192

2013-01-28 0.00408 0.00080 0.00912 0.12060 0.00066 0.27861 0.02332 0.10673

2013-02-25 0.01445 0.02065 0.03525 0.07234 0.00011 0.57417 0.00163 0.02237

2013-04-01 0.01327 0.00360 0.09625 0.81436 0.02786 0.68751 0.01094 0.00247

2013-04-29 0.04691 0.00378 0.01560 0.20877 0.03338 0.41452 0.01879 0.00676

2013-05-27 0.47013 0.00762 0.20447 0.05581 0.04409 0.98949 0.42984 0.35791

2013-07-01 0.34151 0.00188 0.08161 0.02133 0.00585 0.78908 0.43879 0.68700

2013-07-29 0.48806 0.01641 0.46321 0.00971 0.00497 0.19157 0.65001 0.69606

2013-08-26 0.09411 0.01003 0.13516 0.00748 0.00349 0.70612 0.96833 0.96224

2013-09-30 0.00466 0.00161 0.03726 0.02309 0.00076 0.27305 0.97410 0.97497

2013-10-28 0.02940 0.00354 0.00791 0.00069 0.00032 0.10160 0.80966 0.86801

2013-11-25 0.01296 0.00690 0.00877 0.00864 0.01017 0.02671 0.16682 0.50824

2014-01-27 0.44144 0.04091 0.09263 0.00983 0.01795 0.67894 0.18377 0.19419

2014-02-24 0.06702 0.01411 0.02260 0.02219 0.01718 0.57428 0.66867 0.13929

2014-03-31 0.07292 0.03893 0.02236 0.01894 0.02293 0.37176 0.71813 0.17499

2014-04-28 0.02789 0.00406 0.03692 0.06257 0.29309 0.25457 0.55230 0.02520

2014-05-26 0.02458 0.00944 0.00225 0.00341 0.10659 0.40259 0.30379 0.09220

2014-06-30 0.01981 0.00453 0.02057 0.00151 0.40931 0.67262 0.05895 0.33399

2014-07-28 0.00190 0.00234 0.00246 0.02004 0.07508 0.02113 0.02618 0.27542

2014-09-29 0.20583 0.02664 0.05275 0.02138 0.15983 0.12531 0.59121 0.00349

2014-10-27 0.28077 0.01667 0.20406 0.00497 0.99999 0.18102 0.99261 0.00885

2014-12-29 0.04207 0.02653 0.46111 0.09980 1 0.66009 0.99246 0.02413

2015-01-26 0.26021 0.13925 0.77862 0.23295 1 0.42918 0.01529

2015-02-23 0.09570 0.09330 0.35037 0.06477 0.99999 0.35517 0.98559 0.00086

2015-03-30 0.16743 0.10776 0.66041 0.08386 1.00000 0.08762 0.99009 0.01785

2015-06-29 0.05101 0.07792 0.42337 0.12414 0.51890 0.02582 0.90553 0.00109

2015-07-27 0.07079 0.00672 0.62351 0.00078 0.50439 0.02652 0.29662 0.00327

2015-08-31 0.01385 0.00056 0.51662 0.00842 0.94720 0.10722 0.98164 0.00350

2015-10-26 0.22838 0.03469 0.35012 0.01389 0.96793 0.46254 0.99894 0.75148

2015-11-30 0.57894 0.02960 0.64003 0.03655 0.77672 0.99921 0.99550 0.24185

2015-12-28 0.12645 0.03397 0.70371 0.01779 0.95796 0.98550 0.72804 0.10763

2016-02-01 0.18061 0.04397 0.38668 0.26637 0.99816 0.98374 0.81828 0.08665
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2016-02-29 0.03602 0.02329 0.03192 0.49654 0.99797 0.99203 0.98877 0.01532

2016-03-28 0.17013 0.11539 0.13935 0.15177 0.99933 0.98787 0.99940 0.04073

2016-04-25 0.52671 0.03012 0.27744 0.05069 0.98248 0.98351 0.99619 0.04894

2016-05-30 0.09083 0.00040 0.02596 0.03507 0.74403 0.90443 0.97127 0.00275

Cutoff probability 0.4761994

TABLE A.64: Class probabilities for commodity currency spots prediction us-
ing logistic NN model trained on level 3 (monthly)

D.START AUD.SPOT CAD.SPOT NOK.SPOT ISK.SPOT RUB.SPOT ZAR.SPOT BRL.SPOT IDR.SPOT

2001-07-30 0.0059 0.0085 0.0134 0.9801 0.0125 1.0000

2001-08-27 0.9906 0.0001 0.0070 0.2292 0.0021 0.9989

2001-10-01 0.9217 0.00001 0.2183 0.9875 0.9996 0.9941

2001-10-29 0.1838 0.000005 0.0560 0.3413 0.6446 0.9996

2001-11-26 0.0001 0.00004 0.0002 0.1445 1.0000 0.9929

2001-12-31 0.1053 0.000001 0.0002 0.0006 1 1.0000

2002-01-28 0.0114 0.00001 0.00002 0.0010 0.9999 0.9968

2002-02-25 0.0094 0.00001 0.0001 0.0001 0.0001 0.9988 0.1347 0.1164

2002-04-01 0.0791 0.00003 0.0186 0.7652 0.0004 0.9998 0.0246 0.9992

2002-04-29 0.0024 0.0001 0.0004 0.0029 0 1.0000 0.0001 0.8841

2002-05-27 0.0162 0.0093 0.0382 0.0006 0.000000 1.0000 0.1428 1.0000

2002-07-29 0.0225 0.0052 0.4920 0.3403 0.0028 0.9889 1 1.0000

2002-08-26 0.2123 0.0793 0.8653 0.9974 0.00001 0.9981 1.0000 0.9984

2002-09-30 0.0940 0.0002 0.1132 0.0005 0.000001 0.9962 1 0.1888

2002-10-28 0.0335 0.0001 0.0459 0.8864 0.000000 0.9751 1 0.7462

2002-11-25 0.0004 0.0001 0.0001 0.0071 0.00002 0.9944 1.0000 0.0001

2002-12-30 0.0539 0.000004 0.0078 0.0734 0.0014 1 1.0000 0.0011

2003-01-27 0.0362 0.0001 0.0021 0.6732 0.0031 0.9997 0.9997 0.000000

2003-02-24 0.0014 0.0276 0.0641 0.0270 0.0008 1.0000 0.6520 0.0022

2003-03-31 0.0004 0.00004 0.0038 0.1328 0.0005 0.9991 1.0000 0.0296

2003-04-28 0.0001 0.0258 0.0026 0.0006 0.000000 1.0000 1.0000 0.0002

2003-05-26 0.0013 0.0015 0.6946 0.0006 0.0001 1 0.9989 0.0009

2003-06-30 0.0094 0.0214 0.0595 0.0342 0.0698 0.9998 0.9950 0.1185

2003-07-28 0.1322 0.1023 0.0412 0.0534 0.0005 0.9950 0.8270 0.00005

2003-09-01 0.7213 0.0199 0.1569 0.8220 0.0098 0.9992 0.0011 0.0002

2003-10-27 0.2392 0.0002 0.0007 0.1823 0.0006 1.0000 0.0025 0.0021

2003-12-01 0.0048 0.0338 0.0004 0.0183 0.0033 1.0000 0.0035 0.0002

2003-12-29 0.0005 0.0223 0.0071 0.0956 0.000002 1 0.0001 0.000000

2004-01-26 0.0355 0.0001 0.0010 0.0001 0.0001 1 0.0002 0.0051

2004-03-01 0.0066 0.000004 0.4627 0.0001 0.00001 1.0000 0.000002 0.00001

2004-03-29 0.6584 0.00002 0.0123 0.000005 0.00002 1.0000 0.0005 0.000001

2004-04-26 0.0078 0.00001 0.0003 0.0004 0.00001 0.9997 0.0742 0.0413

2004-05-31 0.0098 0.000000 0.0040 0.0007 0.0005 0.9989 0.0296 0.0038

2004-06-28 0.0027 0.000001 0.0002 0.0114 0.0001 1.0000 0.0114 0.2864

2004-07-26 0.0371 0.0011 0.0011 0.0003 0.0001 1.0000 0.0001 0.0001

2004-08-30 0.0002 0.0002 0.3622 0.0054 0.0007 0.2772 0.0007 0.0005

2004-09-27 0.1814 0.0170 0.0036 0.00002 0.0068 0.5692 0.000001 0.3112

2004-11-01 0.0028 0.9781 0.0017 0.00002 0.0003 0.0051 0.0002 0.00001

2004-11-29 0.9183 0.0341 0.0861 0.0674 0.0003 0.7573 0.0362 0.000001

2004-12-27 0.0105 0.0177 0.0136 0.0005 0.000002 1.0000 0.0009 0.0001

2005-01-31 0.0261 0.0375 0.0088 0.1517 0.0002 0.9990 0.0006 0.0112

2005-02-28 0.0574 0.0414 0.0675 0.6771 0.0084 0.5745 0.0020 0.000002

2005-03-28 0.0013 0.0010 0.0473 0.0002 0.00002 0.9996 0.2063 0.0002

2005-04-25 0.0017 0.0002 0.0193 0.0012 0.00002 0.6834 0.3343 0.0001

2005-05-30 0.0004 0.00001 0.0013 0.0139 0.0003 1.0000 0.9221 0.0002

2005-06-27 0.5598 0.0001 0.00003 0.00004 0.000000 0.9998 0.9992 0.000003

2005-08-01 0.00004 0.0011 0.0001 0.000000 0.00002 0.0052 0.9917 0.2273

2005-08-29 0.0632 0.0456 0.0017 0.00001 0.000000 0.000005 0.9988 0.9334

2005-09-26 0.000001 0.0001 0.0036 0.0012 0.000000 0.0003 0.9977 0.5574

2005-10-31 0.00004 0.0003 0.1019 0.4720 0.00003 0.0006 0.1790 0.3765

2005-11-28 0.0007 0.0009 0.0001 0.5868 0.0011 0.6189 0.9994 0.5484

2005-12-26 0.0002 0.00002 0.0046 0.0071 0.000003 0.0966 0.8150 0.0007

2006-01-30 0.00002 0.000000 0.00003 0.8061 0.000003 0.0001 0.0271 0.2048

2006-02-27 0.0001 0.0013 0.0014 0.9946 0.00004 0.0082 0.2195 0.0633
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2006-03-27 0.0013 0.0001 0.0014 1.0000 0.000000 0.9759 0.0170 0.0005

2006-05-01 0.0290 0.0001 0.0003 1.0000 0.000001 0.9595 0.1654 0.9765

2006-05-29 0.1741 0.0001 0.0187 0.8382 0 0.9909 0.9962 0.0071

2006-06-26 0.0001 0.00002 0.0005 0.0028 0.000001 0.1590 0.9248 0.0007

2006-07-31 0.0003 0.00001 0.0001 0.0003 0 0.9521 0.000001 0.0002

2006-08-28 0.000000 0.2187 0.00002 0.00002 0.000000 0.0686 0.0002 0.00002

2006-09-25 0.000001 0.0099 0.00001 0.00002 0 0.3990 0.0001 0.0109

2006-11-27 0.000000 0.0025 0.0033 0.9930 0.00001 0.9964 0.000000 0.00004

2007-01-01 0.0002 0.0307 0.0001 0.7869 0.00001 0.1810 0.000000 0.00004

2007-02-26 0.0108 0.00002 0.0001 0.0213 0 0.0233 0.0007 0.00002

2007-07-30 0.2208 0.0049 0.0255 0.9326 0.0004 0.9909 0.9999 0.0032

2007-08-27 0.1051 0.0059 0.0253 0.6471 0.000003 0.9100 0.9271 0.0001

2007-10-01 0.00004 0.000003 0.4382 0.0019 0.0001 0.0555 0.8647 0.00002

2007-10-29 0.9226 0.5766 0.4069 0.0117 0.000000 0.9978 0.5678 0.00002

2007-11-26 0.0043 0.0087 0.0092 0.0002 0.000000 0.1251 0.1128 0.000000

2007-12-31 0.0001 0.0001 0.0059 0.0093 0.00001 0.00001 0.000005 0

2008-01-28 0.000000 0.00001 0.00002 0.0038 0 0.0004 0.000001 0.000000

2008-02-25 0.0006 0.000001 0.0626 0.9482 0.000000 0.0003 0.0002 0

2008-03-31 0.0087 0.00001 0.0169 0.9967 0.000002 0.0052 0.0002 0.000000

2008-04-28 0.0357 0.1479 0.0118 0.9998 0.00003 0.0066 0.0282 0.00002

2008-05-26 0.000001 0.000000 0.0367 0.1425 0.0002 0.0002 0.00005 0.000001

2008-06-30 0.0002 0.00002 0.0035 0.5456 0.0006 0.0107 0.00002 0.000000

2008-07-28 0.0008 0.0001 0.0057 0.0150 0.00004 0.4719 0.0001 0

2008-09-01 0.0001 0.0001 0.0006 0.0076 0.000003 0.2730 0.0123 0

2008-09-29 0.9911 0.0017 0.0095 1 0.000001 0.9999 0.9999 0.000000

2008-10-27 1.0000 0.0069 0.1067 1 0.000001 1.0000 1.0000 0.9264

2008-12-01 0.9638 0.0034 0.9587 1 0.000000 0.9999 1.0000 0.9973

2008-12-29 0.9543 0.0003 0.9664 1.0000 0.0001 0.3174 0.9992 0.9028

2009-01-26 0.4758 0.00001 0.0833 0.9231 0.000000 0.0175 0.2218 0.0005

2009-02-23 0.0100 0.00002 0.0006 0.8307 0.00002 0.0623 0.0136 0.0120

2009-03-30 0.0072 0.000002 0.0032 0.5126 0.000001 0.9411 0.0002 0.0018

2009-04-27 0.0471 0.0124 0.0084 0.0026 0.00005 0.9463 0.0267 0.0782

2009-06-01 0.0232 0.2925 0.1569 0.0962 0.00001 0.0196 0.7424 0.0053

2009-06-29 0.0234 0.0417 0.0003 0.0346 0.0153 0.9762 0.5281 0.2250

2009-07-27 0.4537 0.0059 0.1872 0.0073 0.6186 0.4719 0.9596 0.000000

2009-08-31 0.0096 0.2972 0.0002 0.0001 0.0002 0.4308 0.8687 0.0003

2009-09-28 0.1559 0.0060 0.0343 0.0042 0.000001 0.9986 0.4262 0.0003

2009-10-26 0.0100 0.0567 0.0007 0.0007 0.000002 0.9995 0.0024 0.0300

2009-11-30 0.1542 0.0558 0.0075 0.0007 0.0004 0.9936 0.0020 0.0042

2009-12-28 0.0001 0.0003 0.0001 0.00001 0.0077 0.0727 0.0008 0.00002

2010-02-01 0.0011 0.0001 0.0001 0.00001 0.00001 0.0268 0.0709 0.0049

2010-03-01 0.0003 0.0002 0.0009 0.0001 0.000001 0.1174 0.0101 0.0004

2010-03-29 0.0058 0.0003 0.00004 0.0001 0.00001 0.0100 0.0030 0

2010-04-26 0.0109 0.0004 0.0033 0.9952 0.0011 0.0042 0.0380 0.0006

2010-05-31 0.9951 0.0020 0.0315 0.0494 0.0001 0.0505 0.1888 0.0379

2010-06-28 0.9981 0.0322 0.9040 0.8623 0.0172 0.0206 0.3967 0.0004

2010-07-26 0.0127 0.0002 0.0121 0.0011 0.00005 0.0007 0.0003 0.00001

2010-08-30 0.0085 0.00001 0.0334 0.000004 0.000001 0.0002 0.0685 0

2010-09-27 0.0038 0.0008 0.0056 0.00001 0.00002 0.0004 0.0050 0

2010-11-01 0.0731 0.0047 0.0092 0.000002 0.0002 0.0045 0.00001 0.000002

2010-11-29 0.0001 0.0002 0.0036 0.0001 0.000001 0.0039 0.00001 0.000000

2010-12-27 0.00001 0.00001 0.00003 0.00001 0 0.0055 0.0287 0.000000

2011-01-31 0.00002 0.0014 0.0576 0.0002 0.0001 0.0028 0.000000 0.0001

2011-02-28 0.0001 0.000000 0.0013 0.0026 0.0001 0.0799 0.0002 0.000000

2011-03-28 0.0006 0.000000 0.0006 0.000001 0.0001 0.0037 0.0002 0.000000

2011-04-25 0.0231 0.0015 0.1404 0.00001 0.000000 0.0007 0.2364 0.000000

2011-05-30 0.000003 0.0030 0.5116 0.0006 0.00001 0.2120 0.0001 0.000003

2011-06-27 0.0048 0.0046 0.0150 0.00002 0.000000 0.0003 0.00002 0.000000

2011-08-01 0.2496 0.00003 0.0022 0.00005 0.0080 0.8457 0.0066 0.000002

2011-12-26 0.00003 0.000000 0.00001 0.0001 0.0001 0.0043 0.3463 0.0002

2012-01-30 0.000005 0 0.0007 0.000001 0.00004 0.0003 0.0001 0.000000

2012-02-27 0.000002 0.000000 0.0077 0.0003 0.1230 0.1151 0.0005 0.00001

2012-03-26 0.000002 0.00002 0.000000 0.0001 0.00002 0.0004 0.0001 0.00001

2012-04-30 0.0002 0.000000 0.00001 0.000004 0.2896 0.0001 0.1230 0.00003

2012-05-28 0.0008 0.000001 0.0042 0.0011 0.3238 0.0048 0.4515 0.0152

2012-06-25 0.0001 0.00001 0.0009 0.0004 0.0006 0.0115 0.9955 0.0064

2012-07-30 0.00003 0.00002 0.0001 0.0093 0.0001 0.8525 0.0002 0.0001

2012-08-27 0.000002 0 0.0015 0.0001 0.0014 0.1327 0.0001 0.0360

2012-10-01 0.000003 0.000002 0.00005 0.0026 0.0051 0.9998 0.000004 0.000004
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2012-10-29 0.00002 0.000005 0.00001 0.0001 0.0283 0.8034 0.000000 0.0005

2012-11-26 0.000000 0 0.000002 0.000000 0.0003 0.0026 0.0008 0.000001

2012-12-31 0.00001 0.000000 0.0001 0.000004 0.00002 0.9897 0.0936 0.00001

2013-01-28 0.00001 0.000001 0.00002 0.000001 0.000004 0.0358 0.0001 0.0018

2013-02-25 0.00003 0.000000 0.00004 0.0003 0.000000 0.9756 0.000003 0.0002

2013-04-01 0.0001 0.00002 0.0005 0.2622 0.1059 0.8004 0.000001 0

2013-04-29 0.0014 0.000000 0.0021 0.7306 0.0534 0.0020 0.0003 0.0001

2013-05-27 0.9459 0.0003 0.6828 0.0037 0.0074 0.9999 0.0822 0.7635

2013-07-01 0.2293 0.000003 0.4826 0.0039 0.000000 0.6891 0.0088 0.8602

2013-07-29 0.0183 0.000001 0.9940 0.0002 0.00003 0.1928 0.8176 0.9788

2013-08-26 0.0295 0.00004 0.0014 0.00004 0.00002 0.0240 0.2085 0.4587

2013-09-30 0.00001 0.000000 0.00001 0.000003 0.0003 0.0003 0.9999 0.9942

2013-10-28 0.0002 0.000005 0.0103 0.00003 0.0005 0.0019 0.9139 0.9285

2013-11-25 0.0241 0.0062 0.0001 0.00003 0.00001 0.0011 0.0002 0.9162

2014-01-27 0.0951 0.1092 0.0002 0.000002 0.000000 0.6890 0.0042 0.0084

2014-02-24 0.0001 0.000001 0.0017 0.0001 0.0001 0.1241 0.6940 0.2416

2014-03-31 0.0003 0.0036 0.000002 0.000001 0.0312 0.0128 0.9994 0.00003

2014-04-28 0.0092 0.00003 0.0001 0.00002 0.0046 0.0523 0.0243 0.0029

2014-05-26 0.000000 0.0003 0.0109 0.0023 0.00002 0.0083 0.0090 0.0001

2014-06-30 0.0042 0.00003 0.1876 0.0005 0.0183 0.7619 0.0001 0.7112

2014-07-28 0.0001 0.000000 0.000000 0.0030 0.00003 0.00001 0.000000 0.0341

2014-09-29 0.0030 0.00004 0.0016 0.0002 0.0008 0.0191 0.1073 0.000000

2014-10-27 0.0003 0.00003 0.0286 0.0004 1 0.0020 1.0000 0.0001

2014-12-29 0.00001 0.0217 0.9826 0.0020 1 0.2434 0.9995 0.0007

2015-01-26 0.0038 0.0227 0.0100 0.0012 1 0.0004 0.0024

2015-02-23 0.0015 0.0001 0.1269 0.0197 1 0.0032 0.9906 0.0001

2015-03-30 0.0001 0.0001 0.3575 0.000004 1.0000 0.000004 0.9999 0.0001

2015-06-29 0.0624 0.0612 0.9920 0.0003 0.8229 0.2068 0.0700 0.00001

2015-07-27 0.0155 0.000004 0.7716 0.0002 0.9984 0.0013 0.3603 0.0001

2015-08-31 0.0002 0.00003 0.4316 0.0009 1.0000 0.0097 0.7733 0.000000

2015-10-26 0.2118 0.0010 0.0774 0.0051 0.9999 0.0147 1.0000 0.2699

2015-11-30 0.0280 0.0020 0.4619 0.0020 0.9941 0.9998 1.0000 0.0005

2015-12-28 0.0706 0.0004 0.3050 0.0009 1.0000 0.9992 0.9998 0.5435

2016-02-01 0.0023 0.0114 0.0002 0.0037 1.0000 0.9999 0.3660 0.0006

2016-02-29 0.0294 0.0045 0.0887 0.1129 0.9998 0.9989 0.9999 0.0001

2016-03-28 0.0697 0.0031 0.0010 0.0776 0.9962 0.9985 1.0000 0.1601

2016-04-25 0.9965 0.0026 0.0267 0.0006 1.0000 0.9994 1.0000 0.0008

2016-05-30 0.1095 0.0007 0.0129 0.0044 0.9999 0.8143 0.9987 0.0034

Cutoff probability 0.533832
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TABLE A.59: Class probabilities for Bitcoin prediction using logistic NN model
trained on level 3 (monthly)

D.START XBT.BST XBT.CDK XBT.GOX XBT.BFX XBT.BB.SPOT

2010-09-27 0.999

2010-11-01 0.999

2010-11-29 1

2010-12-27 0.999

2011-01-31 0.999 0.999

2011-02-28 1 1

2011-03-28 0.999 0.999

2011-04-25 0.999 0.999

2011-05-30 0.999

2011-06-27 1 1

2011-08-01 0.999 0.999

2011-12-26 0.999 1 1

2012-01-30 1 1 1

2012-02-27 0.999 1 1

2012-03-26 0.999 0.999 0.999

2012-04-30 0.999 0.999 0.999

2012-05-28 0.999 0.999 0.999

2012-06-25 0.999 0.999 0.999

2012-07-30 0.999 0.999 0.999

2012-08-27 0.999 0.999 0.999

2012-10-01 0.999 0.999 0.999

2012-10-29 0.999 0.999 0.999

2012-11-26 0.989 0.999 0.999

2012-12-31 0.999 0.999 0.999

2013-01-28 0.999 0.999 0.999

2013-02-25 0.999 0.999 0.999

2013-04-01 0.999 0.999 0.999

2013-04-29 1 1 1 1

2013-05-27 0.999 0.999 0.999 0.999

2013-07-01 0.999 0.999 1 0.999

2013-07-29 0.999 0.999 0.999 0.999

2013-08-26 0.999 0.999 0.999 0.999

2013-09-30 0.999 0.999 0.999 0.999

2013-10-28 0.999 0.999 0.999 0.999

2013-11-25 1 0.999 0.999 1

2014-01-27 1 0.999 0.999

2014-02-24 1 0.999 1

2014-03-31 1 1 1

2014-04-28 0.999 0.999 0.999 0.999

2014-05-26 0.999 0.999 0.999 1

2014-06-30 0.999 0.999 0.999 0.999

2014-07-28 0.999 0.999 0.999 0.999

2014-09-29 0.999 0.999 0.999 0.999

2014-10-27 0.999 0.999 0.999 1

2014-12-29 0.999 0.999 0.999 0.999

2015-01-26 1 1 1 1

2015-02-23 1 0.999 0.999 1

2015-03-30 0.999 0.999 0.999 0.999

2015-06-29 0.999 0.999 0.999 0.999

2015-07-27 0.999 0.999 0.999 0.999

2015-08-31 0.999 0.999 0.999 0.999

2015-10-26 0.999 0.999 0.999 0.999

2015-11-30 0.999 0.999 1 0.999

2015-12-28 0.999 0.999 0.999 0.999

2016-02-01 0.999 0.999 0.999 0.999

2016-02-29 0.999 0.999 0.999 0.999

2016-03-28 0.999 0.999 0.999 0.999

2016-04-25 0.999 0.999 0.999 0.999

2016-05-30 0.999 0.999 0.999 0.999

Cutoff probability 0.533832
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TABLE A.60: Class probabilities for Bitcoin prediction using Polynomial SVM
model trained on level 3 (monthly)

D.START XBT.BST XBT.CDK XBT.GOX XBT.BFX XBT.BB.SPOT

2010-09-27 1.000

2010-11-01 1.000

2010-11-29 1.000

2010-12-27 1.000

2011-01-31 1.000 1

2011-02-28 1.000 1

2011-03-28 1.000 1

2011-04-25 1.000 1

2011-05-30 1.000

2011-06-27 1.000 1

2011-08-01 1.000 1

2011-12-26 1 1.000 1

2012-01-30 1 1.000 1

2012-02-27 0.999 0.999 0.999

2012-03-26 0.999 0.999 0.999

2012-04-30 0.999 0.999 0.999

2012-05-28 0.999 0.999 0.999

2012-06-25 0.999 0.999 0.999

2012-07-30 1 1 1

2012-08-27 1 1 1

2012-10-01 0.999 0.999 0.999

2012-10-29 0.999 0.999 0.999

2012-11-26 0.998 0.999 0.999

2012-12-31 0.999 0.999 0.999

2013-01-28 0.999 0.999 0.999

2013-02-25 1 1 1

2013-04-01 1 1 1

2013-04-29 1 1 1 1

2013-05-27 0.999 0.999 0.999 0.999

2013-07-01 0.999 1 1 0.999

2013-07-29 0.999 0.999 0.999 0.999

2013-08-26 0.999 0.999 0.999 0.999

2013-09-30 1 1 1 1

2013-10-28 1 1 1 1

2013-11-25 1 1 1 1

2014-01-27 0.999 0.999 0.999

2014-02-24 1 1 1

2014-03-31 1 1 1

2014-04-28 1 1 1 1

2014-05-26 0.999 0.999 0.999 0.999

2014-06-30 0.999 0.999 0.999 0.999

2014-07-28 0.999 0.999 0.999 0.999

2014-09-29 0.999 0.999 0.999 0.999

2014-10-27 0.999 0.999 0.999 1

2014-12-29 1 1 1 0.999

2015-01-26 1 1 1 1

2015-02-23 0.999 0.999 0.999 0.999

2015-03-30 0.999 0.999 0.999 0.999

2015-06-29 0.999 0.999 0.999 0.999

2015-07-27 0.999 0.999 1 0.999

2015-08-31 0.999 0.999 0.999 0.999

2015-10-26 1 1 1 1

2015-11-30 0.999 0.999 0.999 1

2015-12-28 0.999 0.999 1 0.999

2016-02-01 0.999 0.999 0.999 0.999

2016-02-29 0.999 0.999 0.999 0.999

2016-03-28 0.999 0.998 0.999 0.999

2016-04-25 0.999 0.999 0.999 0.999

2016-05-30 0.999 0.999 0.999 1

Cutoff probability 0.4761994
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TABLE A.61: Yearly average class probabilities for commodity spots, SVM
model

Year AUD.SPOT CAD.SPOT NOK.SPOT ISK.SPOT RUB.SPOT ZAR.SPOT BRL.SPOT IDR.SPOT

2001 0.35162 0.00645 0.05920 0.55040 0.63760 0.76251
2002 0.14994 0.01368 0.10794 0.17094 0.01021 0.92334 0.84893 0.52061
2003 0.14660 0.10156 0.14228 0.27969 0.00429 0.97674 0.62828 0.06519
2004 0.15508 0.06310 0.15399 0.05883 0.00328 0.88593 0.12872 0.05967
2005 0.04926 0.03417 0.16563 0.26124 0.00339 0.53744 0.55810 0.18706
2006 0.03635 0.02500 0.05630 0.58673 0.00024 0.68955 0.34660 0.17830
2007 0.06258 0.07385 0.12625 0.18614 0.00179 0.16916 0.16438 0.00038
2008 0.13750 0.00811 0.12305 0.71017 0.02453 0.35111 0.33563 0.23703
2009 0.03230 0.02265 0.03317 0.26591 0.09866 0.41601 0.19507 0.11054
2010 0.01475 0.00224 0.01779 0.20092 0.00206 0.02801 0.04618 0.04964
2011 0.00962 0.00371 0.08719 0.01486 0.00552 0.15323 0.05492 0.00996
2012 0.00274 0.00019 0.03694 0.01021 0.01104 0.24634 0.24612 0.01667
2013 0.13814 0.00698 0.09951 0.12207 0.01197 0.45749 0.40839 0.47207
2014 0.11842 0.01842 0.09177 0.02646 0.31019 0.39423 0.50881 0.12718
2015 0.17697 0.05820 0.56075 0.06480 0.85256 0.38653 0.86024 0.12698
2016 0.20086 0.04263 0.17227 0.20009 0.94439 0.97032 0.95478 0.03888

TABLE A.63: Yearly average class probabilities for commodity spots, NN
model

Year AUD.SPOT CAD.SPOT NOK.SPOT ISK.SPOT RUB.SPOT ZAR.SPOT BRL.SPOT IDR.SPOT

2001 0.3679 0.0014 0.0492 0.4472 0.6098 0.9976
2002 0.0486 0.0086 0.1438 0.2795 0.0005 0.9956 0.6636 0.5934
2003 0.1043 0.0232 0.0939 0.1855 0.0080 0.9993 0.5891 0.0140
2004 0.1559 0.0874 0.0791 0.0072 0.0007 0.8006 0.0128 0.0540
2005 0.0592 0.0107 0.0213 0.1593 0.0008 0.4981 0.6205 0.2213
2006 0.0205 0.0233 0.0026 0.5635 0.00001 0.5510 0.2350 0.1264
2007 0.1580 0.0784 0.1139 0.3014 0.0001 0.4105 0.4341 0.0004
2008 0.3296 0.0134 0.1816 0.6383 0.0001 0.3405 0.3367 0.2355
2009 0.1142 0.0640 0.0402 0.2011 0.0535 0.5775 0.3160 0.0298
2010 0.1758 0.0034 0.0836 0.1590 0.0016 0.0204 0.0675 0.0037
2011 0.0348 0.0013 0.0911 0.0004 0.0010 0.1437 0.0737 0.00004
2012 0.0001 0.000004 0.0013 0.0012 0.0644 0.3261 0.1388 0.0048
2013 0.1135 0.0006 0.1976 0.0910 0.0152 0.3384 0.2756 0.5366
2014 0.0112 0.0135 0.1213 0.0008 0.2055 0.1913 0.3838 0.0999
2015 0.0438 0.0097 0.3926 0.0034 0.9795 0.2483 0.7742 0.0907
2016 0.2415 0.0045 0.0259 0.0398 0.9992 0.9622 0.8729 0.0330
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TABLE A.65: Yearly average class probabilities for Carbon emission al-
lowances, SVM and NN model

Year CARBON.SVM CARBON.NN

2008 1.0000 1.0000
2009 1.0000 1.0000
2010 0.9608 0.9994
2011 0.9987 1.0000
2012 1.0000 1.0000
2013 1.0000 1.0000
2014 1.0000 1.0000
2015 0.9897 0.9422
2016 1.0000 1.0000
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A.3 Figures
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FIGURE A.1: Contribution of the features within level 3 logistic neural network
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FIGURE A.2: Contribution of the features within level 3 logistic neural network
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FIGURE A.3: Contribution of the features within level 3 logistic neural network
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TABLE A.66: Overall error rates on commodity currencies (spots), assumming
they are currencies, SVM model Level 3

AUD CAD NOK ISK RUB ZAR BRL.SPOT IDR

Error rate (%) 6.21 0 4.97 19.25 11.04 49.69 39.38 12.34

TABLE A.67: Overall error rates on commodity currencies (spots), assumming
they are currencies, NN model Level 3

AUD CAD NOK ISK RUB ZAR BRL IDR

Error rate (%) 9.32 1.24 6.21 19.25 11.04 48.45 36.25 13.64
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FIGURE A.4: Commodity currencies spots classification based on the logistic
neural network model of level 2, cutoff probability 0.787
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FIGURE A.5: Commodity currencies spots classification based on the RBF ker-
nel SVM model of level 2, cutoff probability 0.822
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FIGURE A.6: Commodity currencies spots classification based on the logistic
neural network model of level 1, cutoff probability 0.937
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FIGURE A.7: Commodity currencies spots classification based on the RBF ker-
nel SVM model of level 1, cutoff probability 0.762
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FIGURE A.8: Commodity currencies futures classification based on the logistic
neural network model of level 3, cutoff probability 0.533
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FIGURE A.9: Commodity currencies futures classification based on the Poly-
nomial kernel SVM model of level 3, cutoff probability 0.476
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FIGURE A.10: Commodity currencies futures classification based on the logis-
tic neural network model of level 2, cutoff probability 0.787
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FIGURE A.11: Commodity currencies futures classification based on the RBF
kernel SVM model of level 2, cutoff probability 0.822
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FIGURE A.12: Commodity currencies futures classification based on the logis-
tic neural network model of level 1, cutoff probability 0.937
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FIGURE A.13: Commodity currencies futures classification based on the RBF
kernel SVM model of level 1, cutoff probability 0.762
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FIGURE A.14: Carbon emission allowances classification based on the logistic
neural network model of level 2
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FIGURE A.15: Carbon emission allowances classification based on the RBF ker-
nel SVM model of level 2
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FIGURE A.16: Carbon emission allowances classification based on the logistic
neural network model of level 1
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FIGURE A.17: Carbon emission allowances classification based on the polyno-
mial kernel SVM model of level 1



188

Bibliography

Acharya, V. & Pedersen, L. (2005). Asset pricing with liquidity risk. Journal of Financial Economics, 77(2), 375–
410. doi:10.1016/j.jfineco.2004.06.007

Adler, D. & Murdoch, D. (2016). Rgl: 3d visualization using opengl. R package version 0.96.0. Retrieved from
https://CRAN.R-project.org/package=rgl

Agrawal, D. & Schorling, C. (1996, December). Market share forecasting: An empirical comparison of artificial
neural networks and multinomial logit model. Journal of Retailing, 72(4), 383–407. doi:10.1016/S0022-
4359(96)90020-2

Ahmed, N. K., Atiya, A. F., Gayar, N. E., & El-Shishiny, H. (2010, August). An Empirical Comparison of
Machine Learning Models for Time Series Forecasting. Econometric Reviews, 29(5-6), 594–621. doi:10.
1080/07474938.2010.481556

Akram, Q. F. (2009, November). Commodity prices, interest rates and the dollar. Energy Economics, 31(6), 838–
851. doi:10.1016/j.eneco.2009.05.016

Alam, N. & Rudin, C. (2015). Robust Nonparametric Testing for Causal Inference in Observational Studies.
Amami, R., Mezghanni, D. B. A., & Ellouze, N. (2015). Practical selection of SVM supervised parameters with

different feature representations for vowel recognition. CoRR, abs/1507.06020. Retrieved from http :
//arxiv.org/abs/1507.06020

Amihud, Y. (2002, January). Illiquidity and stock returns: cross-section and time-series effects. Journal of Fi-
nancial Markets, 5(1), 31–56. doi:10.1016/S1386-4181(01)00024-6

Amirani, S. M. M. & Mihandoost, M. M. A. (2012). Automatic feature extraction using generalised autore-
gressive conditional heteroscedasticity model : an application to electroencephalogram classification.
IET Signal Processing, (October), 829–838. doi:10.1049/iet-spr.2011.0338

Analytics, R. & Weston, S. (2015). Domc: foreach parallel adaptor for ’parallel’. R package version 1.3.4. Retrieved
from http://CRAN.R-project.org/package=doMC

Andersen, T. G. & Bollerslev, T. (1998, February). Deutsche Mark-Dollar Volatility: Intraday Activity Patterns,
Macroeconomic Announcements, and Longer Run Dependencies. The Journal of Finance, 53(1), 219–265.
doi:10.1111/0022-1082.85732

Ang, A. & Chen, J. (2010). Yield curve predictors of foreign exchange returns. AFA 2011 Denver Meetings Paper,
(212). Retrieved from http://papers.ssrn.com/sol3/papers.cfm?abstract%7B%5C_%7Did=1542342

Arouri, M. E. H., Hammoudeh, S. M., Lahiani, A., & Nguyen, D. K. (2012, May). Long memory and struc-
tural breaks in modeling the return and volatility dynamics of precious metals. The Quarterly Review of
Economics and Finance, 52(2), 207–218. doi:10.1016/j.qref.2012.04.004

Baffes, J. (1994, January). Does comovement among exchange rates imply market inefficiency? Economics
Letters, 44(3), 273–280. doi:10.1016/0165-1765(93)00325-I

http://dx.doi.org/10.1016/j.jfineco.2004.06.007
https://CRAN.R-project.org/package=rgl
http://dx.doi.org/10.1016/S0022-4359(96)90020-2
http://dx.doi.org/10.1016/S0022-4359(96)90020-2
http://dx.doi.org/10.1080/07474938.2010.481556
http://dx.doi.org/10.1080/07474938.2010.481556
http://dx.doi.org/10.1016/j.eneco.2009.05.016
http://arxiv.org/abs/1507.06020
http://arxiv.org/abs/1507.06020
http://dx.doi.org/10.1016/S1386-4181(01)00024-6
http://dx.doi.org/10.1049/iet-spr.2011.0338
http://CRAN.R-project.org/package=doMC
http://dx.doi.org/10.1111/0022-1082.85732
http://papers.ssrn.com/sol3/papers.cfm?abstract%7B%5C_%7Did=1542342
http://dx.doi.org/10.1016/j.qref.2012.04.004
http://dx.doi.org/10.1016/0165-1765(93)00325-I


BIBLIOGRAPHY 189

Baillie, R. T., Han, Y.-w., Myers, R. J., & Song, J. (2007, July). Long memory models for daily and high fre-
quency commodity futures returns. Journal of Futures Markets, 27(7), 643–668. doi:10.1002/fut.20267

Barkoulas, J. T., Labys, W. C., & Onochie, J. I. (1999, February). Long Memory In Futures Prices. The Financial
Review, 34(1), 91–100. doi:10.1111/j.1540-6288.1999.tb00446.x

Barniv, R. & McDonald, J. B. (1999). Review of Categorical Models for Classification Issues in Accounting and
Finance. Review of Quantitative Finance and Accounting, 13(1), 39–62. doi:10.1023/A:1008348403869

Batten, J. A., Ciner, C., & Lucey, B. M. (2010, June). The macroeconomic determinants of volatility in precious
metals markets. Resources Policy, 35(2), 65–71. doi:10.1016/j.resourpol.2009.12.002

Batten, J. A., Ellis, C., & Fetherston, T. A. (2000, December). Are long-term return anomalies illusions?: Ev-
idence from the Spot Yen. Japan and the World Economy, 12(4), 337–349. doi:10.1016/S0922- 1425(00)
00053-0

Baur, D. G., Hong, K., & Lee, A. D. (2016). Virtual Currencies: Media of Exchange or speculative Asset? (June).
Baur, D. G. & Lucey, B. M. (2010a). Is Gold a Hedge or a Safe Haven? An Analysis of Stocks, Bonds and Gold.

Financial Review, 45(2), 217–229. doi:10.1111/j.1540-6288.2010.00244.x
Baur, D. G. & Lucey, B. M. (2010b). Is Gold a Hedge or a Safe Haven? An Analysis of Stocks, Bonds and Gold.

Financial Review, 45(2), 217–229. doi:10.1111/j.1540-6288.2010.00244.x
Beck, M. (2015). NeuralNetTools: Visualization and Analysis Tools for Neural Networks. R package version 1.4.0.

Retrieved from http://CRAN.R-project.org/package=NeuralNetTools
Bekaerta, G. & Harvey, C. R. (1997). Emerging equity market volatility. Journal of Financial Economics, 43(1),

29–77. Retrieved from http://www.scopus.com/inward/record.url?eid=2-s2.0-0030640113%7B%
5C&%7DpartnerID=tZOtx3y1

Belke, A. H., Bordon, I. G., & Hendricks, T. W. (2014). Monetary policy, global liquidity and commodity price
dynamics. North American Journal of Economics and Finance, 28, 1–16. doi:10.1016/j.najef.2013.12.003

Beltrametti, L., Fiorentini, R., Marengo, L., & Tamborini, R. (1997, June). A learning-to-forecast experiment on
the foreign exchange market with a classifier system. Journal of Economic Dynamics and Control, 21(8-9),
1543–1575. doi:10.1016/S0165-1889(97)00035-3

Bengtsson, H. (2016). R.filesets: easy handling of and access to files organized in structured directories. R package
version 2.10.0. Retrieved from http://CRAN.R-project.org/package=R.filesets

Biesiada, J. & Duch, W. (2005). Feature Selection for High-Dimensional Data: A Kolmogorov-Smirnov Correlation-
Based Filter. In Computer recognition systems (Vol. 30, pp. 95–103). doi:10.1007/3-540-32390-2_9

BIS. (2013). Triennial Central Bank Survey - Foreign Exchange Turnover in April 2013: Preliminary Global
Result. Bank of International Settlements Review, (April), 24. Retrieved from www.bis.org

Bishop, C. M. (2006). Pattern Recognition and Machine Learning. Cambridge: Springer.
Bjerg, O. (2016). How is Bitcoin Money? Theory, Culture & Society, 33(1), 53–72. doi:10.1177/0263276415619015
Bjørnland, H. C. & Hungnes, H. (2005). The commodity currency puzzle (tech. rep. No. 423). Statistics Norway,

Research Department.
Black, F. (1976). The pricing of commodity contracts. Journal of Financial Economics, 3(1-2), 167–179. doi:10.

1016/0304-405X(76)90024-6
Bollen, R. (2016). The Legal Status of Online Currencies Are Bitcoins the Future? SSRN Electronic Journal.

doi:10.2139/ssrn.2736021

http://dx.doi.org/10.1002/fut.20267
http://dx.doi.org/10.1111/j.1540-6288.1999.tb00446.x
http://dx.doi.org/10.1023/A:1008348403869
http://dx.doi.org/10.1016/j.resourpol.2009.12.002
http://dx.doi.org/10.1016/S0922-1425(00)00053-0
http://dx.doi.org/10.1016/S0922-1425(00)00053-0
http://dx.doi.org/10.1111/j.1540-6288.2010.00244.x
http://dx.doi.org/10.1111/j.1540-6288.2010.00244.x
http://CRAN.R-project.org/package=NeuralNetTools
http://www.scopus.com/inward/record.url?eid=2-s2.0-0030640113%7B%5C&%7DpartnerID=tZOtx3y1
http://www.scopus.com/inward/record.url?eid=2-s2.0-0030640113%7B%5C&%7DpartnerID=tZOtx3y1
http://dx.doi.org/10.1016/j.najef.2013.12.003
http://dx.doi.org/10.1016/S0165-1889(97)00035-3
http://CRAN.R-project.org/package=R.filesets
http://dx.doi.org/10.1007/3-540-32390-2_9
www.bis.org
http://dx.doi.org/10.1177/0263276415619015
http://dx.doi.org/10.1016/0304-405X(76)90024-6
http://dx.doi.org/10.1016/0304-405X(76)90024-6
http://dx.doi.org/10.2139/ssrn.2736021


BIBLIOGRAPHY 190

Bouoiyour, J. & Selmi, R. (2015). What does Bitcoin look like? Annals of Economics and Finance, 16(2), 449–492.
Brezo, F. & Bringas, P. G. (2012). Issues and Risks Associated with Cryptocurrencies such as Bitcoin. In The

second international conference on social eco-informatics (100, pp. 20–26). Retrieved from http://www.
thinkmind.org/index.php?view=article%7B%5C&%7Darticleid=sotics%7B%5C_%7D2012%7B%5C_
%7D1%7B%5C_%7D40%7B%5C_%7D30101

Brunetti, C. & Gilbert, C. L. (1995, December). Metals price volatility, 1972–1995. Resources Policy, 21(4), 237–
254. doi:10.1016/0301-4207(96)85057-4

Bryant, H. L. & Haigh, M. S. (2004, September). Bid–ask spreads in commodity futures markets. Applied
Financial Economics, 14(13), 923–936. doi:10.1080/0960310042000284669

Burrell, G. & Morgan, G. (1979). Sociological Paradigms and organisational Analysis - Elements of the Sociol-
ogy of Corporate Life. Sociological Paradigms and organisational analysis, 448. doi:10.1177/003803858001400219

Button, J. (2008). Carbon: Commodity or currency? The case for an international carbon market based on the
currency model. Harvard Environmental Law Review, 32, 571–596.
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