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Abstract
The main question of this article is about whether cryptocurrencies,

within their decentralization aspects, are a real commodity or/and a virtual
currency. To resolve such a dilemma, we compare 7 cryptocurrencies with a
sample of the three types of monetary systems: 28 fiat money, 2 commodities,
2 commodity based indices, and 3 financial market indices. We use the
matrix correlation method. We display dendrograms and observe ”hierarchy
clustering”, as a function of data coarse graining.

In fact, we confirm that the cryptocurrencies are not decentralized. We
observe also that most of the currencies in the world are not significantly
correlated or present a weak correlation with cryptocurrencies. Our results
show that the cryptocurrency market and Forex market belong to different
system communities (or regions).
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1 Introduction

Decentralization is the process by which the activities of an organization,
particularly those regarding planning and decision-making, are distributed
or delegated away from a central, authoritative, location or group [1]:
per definition, a decentralized exchange market does not rely on a third-
party service to hold the funds but depends on the user’s direct trades.
However, according to this definition, if there are differently weighted hub
nodes in a ”decentralized network system”, this heterogeneity could be a
fundamental network weakness [2, 3], subsequently the source for a threat
to decentralization. As the result of globalization which is one of today’s
geopolitical phenomena, it is expected that the world economic and financial
society is in a quest for ”decentralized currencies”. The first (decentralized)
cryptocurrency, Bitcoin1 ”was created to take power out of the hands of
the government and central bankers, and put it back into the hands of the
people” [5].

On the other hand, a cryptocurrency is a digital currency that uses
a strong cryptography in each transaction in an exchange medium [6–8].
Thus, by essence, a cryptocurrency system does not require a central
authority [9]. This means that a cryptocurrency is considered to be de facto
decentralized. However, this is not so obvious [10, 11]. There are market
based centralization aspects. In particular, governments, losing control
of transactions, whence on tax revenues, wonder if they can influence
the market of cryptocurrencies, since vice versa [10, 12], in some sense,
the goal of cryptocurrency development was partially in view of avoiding
country central bank controls. The control, and the lack of control, of
a cryptocurrency market reminds of the destabilization effects of hubs
in networks. In the latter case, the control is measured according to a
”centrality index” [13]. Any kind of centralization should be considered
carefully due to the 51% attack effect. In so doing, one may consider
that the ”decentralization property” of cryptocurrencies [14] has some
analogy with the ”centrality concept” in networks [13], in which hubs can
be destabilized, depending on their degree of ”centralization”. This allows
to match a classical statistical mechanics concept, ”stability”, with the
financial one ”decentralization”.

Each cryptocurrency presents some appreciable difference with the com-
mon fiat currency [15–18]. First of all, the common currencies are related
to a country (like GBP to UK) or group of countries (like EUR to the
Eurozone countries); the related ”country” has a direct influence on its
currency, both politically and economically, through some ”Central Bank”.
However, the cryptocurrencies do not relate to a specific country. Moreover,
the cryptocurrencies are ”liquid” and optimized for frequent, quick, and

1Bitcoin was born with the 2008 note from Satoshi Nakamoto [4]
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small exchanges, in contrast to common currencies, for which a central
authority (the ”Central Bank”) slows down the transaction processes. Thus,
one logical way to examine if a cryptocurrency is like a fiat currency seems
to be trough exchange rates with official country currencies [19–23].

Furthermore, the transactions with cryptocurrencies, using the blockchain
technology, are secure and fast. ”Finally”, the cryptocurrencies are ”private”
and as a result, no one controls the currency except its active community.

Many papers have discussed the ”value of cryptocurrencies” through
their ”price” [24, 25], searching for forecasting the cryptocurrency markets
evolution, for example using tools like neural networks, to predict the
price of a cryptocurrency [26], or ARCH and GARCH models for volatility
modelling [27–30] or using social network concepts, to predict ”volume”
fluctuations in cryptocurrency transactions [31]. See also papers on how the
cryptocurrency market behaves and how different market features appear
in [32–34] for example.

Modeling cryptocurrency is also one of the modern subjects of studies
[35], for example, searching for some collective behavior of cryptocurrency
price [36]. Noticing papers on cryptography and designing the crypto
market for making the system secure and efficient [37–45] may also be of
interest to readers.

In this paper, we present answers to timely questions about cryptocur-
rencies, in particular to (i) first, what does that practically mean ”currency
decentralization”? (ii) What are the similitudes between cryptocurrencies
and common currencies? (iii) Are they homomorphic to each other in some
cases, and if so, in which cases?”, (iv) How are they correlated, for example
through their time series?, and (v) Is there some information from such
questions (and answers) which can be drawn about the control of such a
digital market?

Beside classical techniques, we approach such questions in a new way
(for the present problem), i.e. through the context of hierarchy clustering
and the minimum spanning tree displays [46–48].

We also search for outcomes from the correlation matrix method [49–54],
by cross correlating time series of cryptocurrencies with those of Forex
members.

It will be shown in the following sections that Forex currencies and
cryptocurrencies, do not (unexpectedly in fact) have a significative cor-
relation between each other. The surprise arises because it is commonly
thought that some drastic economic problem arises if a country is affecting
and affected by the cryptocurrency market. It is widely accepted that a
cryptocurrency might loose its decentralized aspect and power in such a
case. It will be shown below that some hint can be extracted out of a
correlation matrix study.

In fact, it will be shown that the Forex and cryptocurrencies do not have

June 25, 2020 3/24



the same correlations in different regions: we find some highly (and other
necessarily less) correlated members on the world map.

2 Materials and methods

After introducing the relevant data, in view of the paper aims, it seems
useful to recall some features of correlation matrices, emphasizing that they
are usually random matrices indeed [50–59].

2.1 Data preparation and structure

There exist many cryptocurrencies but not all of them are well reflecting a
community but one can select the most important ones, - the importance
of a cryptocurrency would be ”measured” by its market volume. It is
reasonable to assume that the cryptocurrencies with low market capacities
are not affecting the user community. Whence, we have selected the 7
cryptocurrencies, with the highest market capacities and paired them to
USDT values2. Such most interesting cryptocurrencies are Bitcoin (BTC),
Bitcoin Cash (BCC)3, BinanceCoin (BNB), Ethereum (ETH), Lite Coin
(LTC), Neo (NEO), and Quantum (QTUM); seeTable 1.

Recall that there are three common types of monetary systems: fiat
money, commodity money, and commodity-based money. We compare a
set of each of these to cryptocurrencies. In particular, we have selected
28 Forex time series, - all exchange rates being toward USD, from the
open-access site Dukascopy (https : //www.dukascopy.com/) and from
Kibot (http : //kibot.com/). We have chosen such 28 pairs mostly from
countries with high GDP. Moreover, for completing the ”sample”, we have
also considered 7 non-currency members, called ”commodities”, thereafter.
These non-currency members are (i) NASDAQ-100 (here called, NSX), US
Dollar Index (UDX)4, and S&P 500 (here called, SPX), (ii) West Texas
Intermediate (WTI) and Brent Crude Oil (BCO), and (iii) Silver (XAG)
and Philadelphia Gold and Silver Index (XAU). Thus, ”our to-be-analyzed
cryptocurrency data” are going to be 42 correlation pairs, such that both

2USDT is a cryptocurrency asset issued on the Bitcoin blockchain via the Omni
Layer Protocol. Each USDT unit is backed by a U.S Dollar held in the reserves
of the Tether Limited and can be redeemed through the Tether Platform https :
//www.cryptocompare.com/coins/guides/what− is−usdt−and−how− to−use− it/
cccc - which is constant over time with one dollar value for each unit.

3The ticker for Bitcoin Cash was first called BCC; but being used for many other
meanings, it is called BCH now; some exchanges still use BCC as we do, being called
Bitcoin Cash Classic; https://bitcointalk.org/index.php?topic=2617659.0

4The U.S. Dollar Index (USDX, DXY, DX) is an index (or measure) of the value of
the United States dollar relative to a basket of foreign currencies; it can also be called
USDX, DXY, or DX
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crypto and fiat currencies are compared through the USD, as a common
reference. The list of all these sample members can also be found in Table
1.

Cryptocurrency historical data can be obtained from the Binance cryp-
tocurrency trading servers python-API for automated trading https :
//www.binance.com; all such data are taken with a millisecond resolu-
tion.

The data covers two months: April and June 2018. All data in both
Forex, ”non-currency”, and cryptocurrency starts at the same time,

We have coarse grained the exchange rates data between cryptocurrencies
and USD in minute, hour and three days time intervals. One reason for
which the data is so coarse grained in different time intervals stems from
the fact that we wish to analyze the sample over different time scales,
distinguishing between small and large time scale aspects. In so doing, one
might have some hint on whether ”large scale events” are affected by macro
policies.

In order to have the same number of data points, in the minute and the
three days time interval, we have shifted each interval by one minute and
then constructed a new interval.

2.2 Mathematical methods

For constructing the correlation matrix, first we calculate the price return
of each time series through

R[i] = log(p[i + 1])− log(p[i]), (1)

in which R[i] is each ”currency pairs” return and p[i] is the price at time i.
Next, we have normalized R[i] by the (appropriate to the interval) standard
deviation and denoted such a normalized return as r[i]. As a result r[i] can
adopt any value but its correlation is normalized, i.e. all correlations fall in
the [-1,1] interval. Thereafter, we calculate the correlation matrix elements
from

C[i][j] =
∑
s

(r[i][s]× r[j][s]). (2)

2.2.1 Correlation matrix and clustering

Random Matrix Theory (RMT) applications are based on the work of
Wigner in nuclear physics [49]. Thereafter, many authors have demonstrated
that RMT could be a good tool for studying complex systems [50–54], in
particular financial assets correlation matrices [55–59] and more specifically
about cryptocurrencies [14,23], - up to finding clusters of ”communities”
[60–62]. Pertaining statistical properties for financial time series were
discussed by Plerou et al. [63].
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In order to find out if ”centralized clusters” exist and how the members
are distributed, we search for sub-clustering patterns also. There exist
several algorithms for obtaining clusters [46,47]. The hierarchical clustering
algorithm [47] classify ”similar members” in lower level clusters (higher
dependence) and further group clusters in higher level clusters (lower
dependence). The cluster member linkage is found from and defined as
have

min{dist(Cij, Ckl), Cij&Ckl ∈ C}, (3)

where C is the set of the correlation matrix members, for which the metric
is

dist(Cij, Ckl) =
√

(Cij − Ckl)2. (4)

In this (Euclidean distance metric) method [64] at each step, we calculate
the smallest distance between two elements of the correlation matrix and
choose the nearest members (becoming ”nodes”) for seeding a cluster. In
the next step, one looks for the nearest element of either starting nodes, and
attach the new node. The process is continued till all clusters are classified
and contain all members of the correlation matrix. This process, leading to
a dendrogram, is illustrated in Figs. 1 - 3 for June 2018. One can at once
observe some clusters.
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Fig 1. Dendrogram of the minute coarse graining interval exchange rates
for June 2018, allowing to observe clusters (color online) at such a ”small”
time scale.
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Fig 2. Dendrogram of the hour coarse graininginterval exchange rates for
June 2018, allowing to observe clusters (color online) at such a ”medium
range” time scale.
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Fig 3. Dendrogram of the three days coarse graining interval exchange
rates for June 2018, allowing to observe clusters (color online) at such a
”large” time scale.

2.3 Remarks on Dendrograms

We pause for a few comments on the dendrograms displayed in Figs.1-3. A
dendrogram shows levels of aggregation with increasing order, and can be
analyzed along both x- and y-axis. The y-axis ”height” represents some
distance between the variables on the x-axis; one may select different heights
in order to propose the existence of clusters. The lower the height, the
stronger the correlation. To involve a rather arbitrary set of filters is not
the primary goal here.

However it is obvious that groups appear whatever the coarse graining
time. The most striking appearance is the clustering of the cryptocurrencies
which are strongly tied to each other. The correlations values differ according
to the coarse graining time, but not the clustering. The same goes true for
the ”non-currencies”, although the sub-groups appear to be dispersed but
they do form sub-clusters according to their type. For short coarse graining,
the cryptocurrencies are also tied to the financial indices, emphasized by
the only one *, at short coarse graining, but more loosely for the 3-days
coarse graining. In the latter case, the (non-currency) * financial indices
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become tied to the ”oil prices” (**). Notice that the silver and gold are
loosely tied to the other non-currencies.

In brief, the short distance on the y-axis between the cryptocurrencies
indicates the existence of little heterogeneity in the group, On the other
”extreme”, the distance between the cryptocurrencies and the oil price
indicates a loose correlation.

Other comments about sub-clusters between fiat currencies, being of
secondary interest in this paper are left for the reader leisure time. Never-
theless, we confirm the central role of EUR, as was already observed along
time ago. [66–69].

3 Results and discussion

Following the data structure and its analysis described in Sect. 2.2 we
construct the correlation matrix for the 3 different time intervals, pertinent
to April and to June 2018. However, we have found out that values of
the June correlation matrix lead to the same clustering as those of the
April correlation matrix; thus there is no statistically significant difference
between April and June, whence have omitted the latter display.
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Fig 4. Correlation matrix for minute coarse graining interval exchange
rates for June 2018, with the relative spanning tree, allowing to observe
clusters

• The ”Minute interval correlation matrix” is displayed in Fig. 4, From
the shadow distribution it appears that there are distinguishable
clusters. The greater is the Forex community and the smaller is
the Cryptocurrency market; the latter, row 25 to 31, is markedly
well grouped. The former also contains the non-currency cases, but
distributed in unconnected sub-clusters: NSX, UDX, and SPX (near
the center of the figure/matrix) are highly correlated with each other,
while WTI and BCO are forming a sub-cluster (at the top of the
figure/matrix). Moreover one can also see two correlated sub-clusters
of Forex members (rows 32 to 36) and row 37 to 42, for countries (or
currencies) with different economy types: the former being made of
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more ”socialistic”, the latter made with more ”emerging countries”.
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Fig 5. Correlation matrix for hour coarse graining interval exchange rates
for June 2018, with the relative spanning tree, allowing to observe clusters

• The ”Hour interval correlation matrix” is displayed in Fig. 5. The
coupling between the Forex and the cryptocurrency increases but are
still forming two distinct clusters. The non-currency members, NSX,
UDX, SPX, WTI & BCO, are clustered in a group (row 38 to 42), and
two other non-currency members XAU & XAG also clustered with
each other (row 8 to 9). Observe some ”far-off diagonal ”clustering”:
JPY, CHF, and XAU (”column” 30, 17, and 9, respectively) present
some coupling with NSX, UDX, and SPX, - which by themselves form
a cluster (at the bottom of figure/matrix).
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Fig 6. Correlation matrix for 3 days coarse graining interval exchange
rates for June 2018, with the relative spanning tree, allowing to observe
clusters

• The ”Three days interval correlation matrix” is displayed in Fig. 6.
The links are tying more diversified currencies, One can observe that
the cryptocurrency (top corner) and the Forex community do not
have a strong link with each other anymore. NEO (sixth rank) is the
only common node with a link to the Forex and the Cryptocurrency.

The ”non-currency” members are acting more like the common cur-
rencies, in contrast with the cryptocurrency. Notice that NSX, SPX,
UDX are well tied together, while WTI and BCO also form a well
defined cluster; these are ”non currencies” which have a very huge
market.
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4 Distinguishing regions

Using each correlation coefficient between one cryptocurrency and all of
the Forex members (recall, which are country specific currencies) one can
find out how much a country currency affects another currency. Fig. 7
shows the correlation between Bitcoin and the currency of countries in the
world, - for the 3-day time lag data. It is observed that the geographical
distribution is not a homogeneous effect.

Fig 7. Distribution of correlation between the Forex members and Bitcoin
over the world map in June 2018, - for the 3-day time lag data.

This is what we have expected, i.e. the ”myth”, for the financial bitcoin
based networks, i.e. to be decentralized; each financial network is popular
in a specific region but is not distributed homogeneously. We recall that all
7 cryptocurrency pairs with USDT lead to nearly the same maps either in
April or June.

Nevertheless, in order to observe if any dynamical effect exists on a
broader time interval, i.e. how these ”correlation maps” change with time,
we calculated the evolution of sample member correlations with the Bitcoin
cash (BCC) between Jan. 2018 and Aug. 2018; a few (bona fide currencies)
exchange rates correlation values are displayed on Fig 8, -specifically for the
3-days coarse graining cases. For completeness, let it be mentioned that the
illustrated BCC result is statistically similar to the other 6 Cryptocurrencies
members, listed in Table 1. It is seen that one can distinguish two types of
currencies. There are ”currencies” which change much more with time than
some others. We may classify currencies as dynamic or numb. The numb
currencies include RUB, JPY, TRY, CNH and EUR; they are ”constant”
through time, while dynamical currencies, such as CHF, GBP, CAD, AUD
and NZD are changing with time. TRY which was in the numb group, up
to July, next rises to its highest point in August,5 while JPY always seems

5 see comment in Appendix
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to be stacked in numb group.
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Fig 8. Temporal correlations between several Forex members and the
Bitcoin Cash (BCC) currency, between Jan. 2018 and Aug. 2018, - for the
3-day time lag data, thereby illustrating that one can classify currencies as
either dynamical or numb through their exchange rate with
cryptocurrencies.

5 Conclusions

In this reported research, we have examined correlation matrices, made
of a set of exchange rates and values of various financial items, measured
over different time intervals, with respect to cryptocurrency behavior. We
have wondered whether such cryptocurrencies are like real currencies, or
like ”commodities”, thus ”virtual currencies”, searching for the correlations
and evolutions of relevant exchange rates. In so doing, we propose some
consideration about the decentralized aspects, or expectations, of cryptocur-
rencies. Thus, we chose many cases such that one could conclude about a
”universality content” of the answers to our questions.

First, we have found a strong clustering of the cryptocurrencies. The
correlations values differ according to the coarse graining time, but not the
clustering. The cryptocurrencies are also tied to the financial indices, at
short coarse graining, but more loosely for the 3-days coarse graining

On the other hand, it is observed that there is an apparently steady state
pattern for the real Forex exchanges; whatever the month an approximately
similar pattern occurs. The cryptocurrency exchange looks also like to be in
a steady state. But the exchanges between Forex and Cryptocurrency are
not in an equilibrium-like state. The situation appears to depend on various
parameters, likely depending on, and likely influenced by, the Economic
Policies of the various countries in the world .
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Indeed, from both types of analysis, we find out that the cryptocurrency
members correlation are not distributed homogeneously all around the
world. This is deduced from the network geographical distribution. One
could have expected that such a ”currency network” is distributed around
the world rather uniformly. Clusters exist for short time scales and are
rather stable for the examined time intervals. This observation implies
that having such high power multi-hub nodes might be a threat to the
decentralization hypothesis concept or belief.

We conclude, due to the appearance of sub-clusters in the Forex and the
Cryptocurrency clusters, from the correlation matrix, from dendrograms,
and also from the stability of clusters made of sample (”commodity”)
members like gold, silver and oil (represented by BCO, WTI and XAU) that
cryptocurrencies neither have a social (”financial”) acceptability to be like
a classical currency up to now, nor are acting like a common commodity.

As a bonus, it is observed that there exist some patterns on different
time scales in the cryptocurrency community correlations with Forex cases.
But the Forex and cryptocurrency are not steadily correlated with each
other over time. There exist some ”dynamic currencies” and some ”numb
currencies” in temporal correlation with some fiat currencies, as presented
here from the BCC point of view6.

Appendix

In this Appendix, following a reviewer comment, we mention some extra
information, on some specific country, Turkey, and its money TKY behavior,
- as observed in the main text. We quote the reviewer comment : the issue
of the Turkish Lira (TRY) needs clarification: in Fig.7 TRY/USD has a
correlation of 0.4 to BTC in June 2018 while in Fig.8 for the Bitcoin Cash
such a correlation is close to null in the same month. ... such a big difference
in correlation looks suspicious. This comment on the TRY is interesting.
In order to sustain the findings, we have redone some technical check. Using
3 sine waves with different phases (ωt, ωt±60), we find a positive correlation
between Wave No.2 and both waves No.1 and No.3. But there is a negative
correlation between waves No.1 and No.3. Notice also in Fig.8, that one
finds that TRY and BCC have an about 0.4 correlation in August 2018. We
conjecture that the ”delay” maybe depending on Turkey-based activities in
the crypto market. We tie this time lag to the value of Turkey’s currency
which has nosedived since January and lost more than 34% of its value
against the dollar at the beginning of August. We don’t take side on political

6 The TRY is a currency which was in numb group, in April but in June of 2018,
started to rise up. This may be due to the influence of geopolitical phenomena. We are
all aware that Turkey had some conflict with USA on these days. Thus, our correlation
approach method seems of interest also for considering images of conflicts between
cryptocurrencies and fiat currencies; see Appendix also.
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aspects, but we quote W. Suberg (https://cointelegraph.com/news/turkish-
liras-collapse-sees-media-highlight-bitcoins-relative-stability) ”According to
data from Google Trends, interest in Bitcoin increased markedly in August,
while local exchanges have seen volumes explode by over 150 percent this
week alone.” See also K. Sedgwick https : //news.bitcoin.com/turkish−
bitcoin− volume− oars− as− traders− flee− the− lira/

Interestingly, this comment reinforces the need to find an answer to the
question about the ”financial decentraliized” aspect of cryptocurrencies,
and its analysis through a network description involving countries as hubs
with some ”centrality” concept, whence whether political rules can interfere
with the decentralization goals. Notice also at this time of revising
the paper that ”the Turkish lira fell by 1% to 7.26 against the dollar, on
May 7, 2020, surpassing the previous record low of 7.24 reached during
the August 2018 currency crisis.The Turkish currency has lost some 18%
of its value against the dollar since the beginning of the year.” We quote
https : //apnews.com/4b106ebbc1d1a6c01796c2a2bd33c6be. Thus, within
some (research) time lag, it would be interesting to come back to this point!
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14. Drożdż, Stanis law, Ludovico Minati, Pawe l Oświȩcimka, Marek
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Data List
Cryptocurrency Forex Non-currency
Bitcoin Cash (BCC) United Arab Emirates Dirham (AED) *NASDAQ-100 (NSX)

Binance Coin (BNB) Australian Dollar (AUD) *U.S. Dollar Index (UDX)

Bitcoin (BTC) Brazilian Real (BRL) *S&P 500 Index (SPX)

Ethereum (ETH) Canadian Dollar (CAD) **Crude Oil (WTI)

Lite Coin (LTC) Swiss Franc (CHF) **Brent Oil (BCO)

Neo (NEO) China Offshore Spot (CNH) ***Silver (XAG)

Quantum (QTUM) Czech Koruna (CZK) ***PHLX Gold/Silver Sector

Danish Krone (DKK) Index (XAU)
Euro (EUR)

Pound Sterling (GBP)

Hong Kong Dollar (HKD)

Hungarian Forint (HUF)

Indian Rupee (INR)

Indonesian Rupiah (IDR)

Israeli New Shekel (ILS)

Japanese Yen (JPY)

South Korean Won (KRW)

Mexican Peso (MXN)

New Zealand Dollar (NZD)

Norwegian Krone (NOK)

Poland New Zloty (PLN)

Romanian Leu (RON)

Russian Ruble (RUB)

Swedish Krona (SEK)

Singapore Dollar (SGD)

Thai Baht (THB)

Turkish Lira (TRY)

South African Rand (ZAR)

Table 1. Sample members; the number of * in the third column allows to
distinguish different types of ”non-currency” cases.

June 25, 2020 24/24


	Introduction
	Materials and methods
	Data preparation and structure
	Mathematical methods
	Correlation matrix and clustering

	Remarks on Dendrograms

	Results and discussion
	Distinguishing regions
	Conclusions

