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ABSTRACT
Last few years have witnessed a steady growth in interest on crypto-
currencies and blockchains. They are receiving considerable interest
from industry and the research community, the most popular one
being Bitcoin. However, these crypto-currencies are so far rela-
tively poorly analyzed and investigated. Recently, many solutions,
mostly based on ad-hoc engineered solutions, are being developed
to discover relevant analysis from crypto-currencies, but are not
sufficient to understand behind crypto-currencies.

In this paper, we provide a deep analysis of crypto-currencies by
proposing a new knowledge discovery approach for each crypto-
currency, across crypto-currencies, blockchains, and financial stocks.
The novel approach is based on a conjoint use of data mining al-
gorithms on imbalanced time series. It automatically reports co-
variation dependency patterns of the time series. The experiments
on the public crypto-currencies and financial stocks markets data
also demonstrate the usefulness of the approach by discovering
the different relationships across multiple time series sources and
insights correlations behind crypto-currencies.

KEYWORDS
Time series, crypto-currency, blockchain, gradual pattern mining,
graph mining, imbalanced data, knowledge discovery

1 INTRODUCTION
The number of crypto-currencies has increased frequently on a
monthly basis. As of 7 December 2017, more than 1300 were avail-
able. This number is still increasing 1. The most popular decen-
tralized crypto-currency is the Bitcoin (BTC) [4, 16], representing
more than 180 GB as of February 2018. It can be seen as a large
ledger of transactions, called blockchain that represents transfers of
bitcoins. The blockchain is maintained by a peer-to-peer network
of nodes, and a consensus protocol ensures it can only be updated
consistently. The transactions of the blockchain cannot be altered,
removed or deleted if already-published. Each transaction contains
transaction id, sender, receiver, value (in BTC), and timestamp. The
same transaction can involve multiple sender addresses and multi-
ple receiver addresses. Furthermore, multiple addresses can belong
1https://coinmarketcap.com
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to the same user. Users are also anonymous, there is no informa-
tion associated with a given user. Public blockchains with their
crypto-currencies constitute an unprecedented research dataset of
financial transactions.

In 2017, Bitcoin price surged from 1,000 USD to 20,000 USD.
In January 2018, it lost half of its value. Many critics, mostly in-
herited from finance, raised against the strong volatility related
to crypto-currency markets and their absence of regulation. For a
better understanding of the crypto-currency market movements,
we address combinatorial analysis for crypto-currencies and stock
markets. More particularly, we focus on the following 13 crypto-
currencies, Bitcoin, Bitcoin Cash, Litecoin, Dash, PIVX, Monero,
Dogecoin, Decred, XEM, Ethereum, Ethereum Classic, ZCash, and
Vertcoin. In parallel, we select 6 major financial stocks index, SX5E,
HSCEI, NIKKEI, NASDAQ and DOW JONES. They represent the
stock index of Eurozone stocks, Hang Seng China Enterprises In-
dex, Tokyo stock exchange, American stock exchange of technology
companies and American stock exchange of industrial companies.
All time series have a different starting date of quotation. Thereby,
we can ask the following questions:

• Does a strength relation exist between a financial crypto-
currency and its blockchain data?

• Does relationship exist between multiple crypto-currencies
in different blockchains and financial currencies?

• Are there strong relationships between financial crypto-
currencies and stock exchanges?

To answer these questions, we leverage on co-occurrences of
co-variations of several features from crypto-currencies and stock
markets. One example can be the pattern "the higher the bitcoin price,
the higher the transaction count, the lower the fees". Our solution
is based on the combination of gradual pattern mining and graph
pattern mining applied to data mining on financial data. This state
of the art combinatorial algorithm tackles the difficulty of finding
dependencies between crypto-currencies and between financial
stock exchanges.

This paper has the following major contributions:
• We propose a knowledge discovery approach for mining
imbalanced crypto-currencies and financial stock exchange
time series. Our solution is a combination of gradual pattern
mining and graph pattern mining algorithms on time series.

• We propose a graph-based model for modeling of gradual
patterns into undirected graphs. The benefits of graph-based
model include: (1) Summarization and reduction of discov-
ered patterns volume and storage in each crypto-currency.
(2) Useful for mining crypto-currencies in order to discover
the common and frequent trend across crypto-currency fea-
tures.

https://doi.org/10.1145/nnnnnnn.nnnnnnn


MiLeTS’18, 20 August, 2018, London, United Kingdom Sofiane Lagraa, Jeremy Charlier, Radu State

• We propose a graph-based visualization for the discovered
gradual patterns. The new technique visualizes co-variation
patterns rules using vertices and edges where vertices typi-
cally represent co-variation features and edges indicate rela-
tionship in co-variation patterns.

Experiments results on multiple crypto-currencies across finan-
cial stocks demonstrate how our approach is useful for discovering
insight co-variation patterns.

The rest of the paper is organized as follows. Section 2 presents
an overview of dataset used for mining with their associated chal-
lenges and highlights research questions. Section 3 presents a new
knowledge discovery approach composed with different steps. Sec-
tion 4 presents experimental studies using blockchain of crypto-
currency data and financial stock exchange time series. Section 5
discusses analysis techniques previously applied to a blockchain
and crypto-currency data. In Section 6, we briefly discuss results,
and future work.

2 DATASET OVERVIEW AND RESEARCH
QUESTIONS

Coinmetrics tools 2 3 have been used for crypto-currencies data
collection and parsing. The tools are composed of a coin crawler
and parser programs. Data collection across multiple sources is
determinant to avoid biases in the results. Therefore, data from
Bitcoin, Bitcoin Cash, Litecoin, Dash, PIVX, Monero, Dogecoin, De-
cred, XEM, Ethereum, Ethereum Classic, ZCash, and Vertcoin have
been gathered since their creation. It is noteworthy to remind the
imbalanced structure of the dataset since all time series have a dif-
ferent beginning date. Table 1 shows an example of two imbalanced
time series of two crypto-currencies Bitcoin and Xem. The Bitcoin
crypto-currency starts two years before the Xem crypto-currency.

Our problem of imbalanced time series is different from the class-
imbalance problem in the sense that classification categories are
not equally represented. In this context, the imbalanced crypto-
curencies sources make the correlation and co-variation discovery
more challenging.

Due to the high volatilities of crypto-currencies markets, our aim
is to define metrics to better understand their movements. More
especially, the following questions are addressed:

• How to extract correlation and co-variations patterns from
multiple imbalanced time series?

• Are co-variations across all imbalanced time series equal?
• How tominemultiple co-variationsmetrics of crypto-currencies?
• How to represent and visualize co-variations metrics?

We propose an intra and inter crypto-currencies analysis ap-
proach based on pattern mining approaches.

3 KNOWLEDGE DISCOVERY APPROACH
In this section, we present our knowledge discovery approach. Our
goal is twofold: (1) discovering frequent co-variations correlation
for each crypto-currency and across multiple crypto-currencies. (2)
discovering dependencies and frequent co-variations correlation
between crypto-currency markets and stock exchanges.

2https://coinmetrics.io
3https://github.com/whateverpal/coinmetrics-tools
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Figure 1: Overview of pattern discovery process from imbal-
anced multiple time series

3.1 Overview
Figure 1 represents an overview of the different components of the
knowledge discovery process. Due to the imbalanced time series
of crypto-currencies, our methodology is composed of two blocks
of mining steps: intra and inter-crypto-currency. For each block,
co-variations correlation are computed.

3.2 Feature extractor
The crypto-currency dataset is structured in 8 columns: date, trans-
action volume, transaction count, generated coins, and fees plus
financial extra-metrics such as the market capitalization (USD),
exchange volume (USD), and price (USD). We further explain the
meaning of each of the features:

• Date: daily crypto-currency data.
• Transaction volume (USD): the sum of all transaction outputs
belonging to the blocks mined on a given day.

• Transaction count: number of transactions in all blocks.
• Crypto-currency Market Capitalizations (USD): the market
crypto-currency value in US dollar at a given day . It’s cal-
culated by multiplying the Price by the Circulating Supply.
Circulating Supply is the best approximation of the outstand-
ing number of coins.

• Price (USD): The price of a crypto-currency in US dollar.
Price is calculated by taking the volume weighted average
of all prices reported by each exchange platform.

• Exchange volume (USD): volume is defined as the amount of
traded bitcoin on the exchange. For example, if 10 bitcoins
is transacted between a maker and a taker, then the total
exchange volume is 10 bitcoins.

• Generated coins: number of created coins.
• Fees: the total fees of transaction data.



Knowledge Discovery Approach from Blockchain,
Crypto-currencies, and Financial Stock Exchanges MiLeTS’18, 20 August, 2018, London, United Kingdom

Bitcoin ... Xem
Values Blockchain ... Values Blockchain

Time Price(USD) Fees TxCount GeneratedCoins Price(USD) Fees TxCount GeneratedCoins
2013-04-28 134.21 41.67 47031 3750 ...
2013-04-29 144.54 31.67 40035 4200 ...

... ... ... ... ... ...
2015-04-01 247 15.35 110634 3750 ... 0.000242 23721.28 533 0
2015-04-02 253 17.36 121155 3475 ... 0.000314 30939.69 719 0

Table 1: Example of imbalanced multi-source data

Figure 2 highlights the different features of imbalanced crypto-
currencies. These features are the combination of the characteris-
tics of blockchain crypto-currencies and their market values. The
idea is to underline the dependency between the characteristics of
blockchain and, its market, each individual crypto-currency and all
combined crypto-currencies.

3.3 Intra crypto-currency correlation discovery
Due to the imbalanced crypto-currencies data, each crypto-currency
is mined independently in order to discover co-variations correla-
tion between their features.

3.3.1 Mining the frequent co-variation cryto-currency fea-
tures. A dataset is a set of tuples D defined over the schema S =
{I1, . . . , In }. Table 1 shows an example dataset where the schema
of a bitcoin values and its blockchain is S = {Price(USD), Fees ,
TxCount , GeneratedCoins}.

A gradual item is a pair (item,variation) of an item (attribute)
item ∈ S and a variation variation ∈ {↑,↓}, where ↑ stands for
a positive (ascending) variation and ↓ for a negative (descending)
variation. A gradual itemset is defined as a non-empty set of gradual
attributes. For instance, the gradual itemset I1 = {(Price(USD),↑
), (TxCount ,↑)} means "the higher the bitcoin price, the lower the
fees". I = {(itemk1 ,variationk1 ), . . . , (itemki ,variationki )} where
all distinct {k1, . . . ,ki } ⊆ {1, . . . ,n}. Two tuples t and t ′ can be
ordered with respect to I if all values of the corresponding items
from the gradual itemset can be ordered to respect the respective
variation: t .itemki ≤ t ′.itemki if variationki =↑ and t .itemki ≥
t ′.itemki ifvariationki =↓where t precedes t ′ in the order induced
by I . For instance, from Table 1, it can be seen that at time t1 =
2013 − 04 − 28, and t2 = 2013 − 04 − 29 can be order with respect
to I1 as t1.Price(USD) ⩽ t2.Price(USD) AND t1.PriceTxCount ⩽
t2.TxCount .
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Figure 2: Crypto-currency features

Let T = {t1, . . . , tn } be a list of tuples from D and I be a gradual
itemset.T respects I if ∀ i ∈ [1,n−1]we have ti .time < ti + 1.time .
Let TI be the set of lists of tuples that respect I . The formal defini-
tion of the support (number of co-variations) of I is support(I ) =
maxT ∈TI (|T |)

|D | . This support means the size of the longest list of tuples
that respect I . We note that the support of an itemset with a single
item is always 100% as it is always possible to order all the tuples
by one column [8]. We define a gradual pattern P is a itemset-value
pair (itemset , support(itemset)).

For instance, in Table 1 the longest sequences of time series in
bitcoin dataset that can be ordered according to I1 are {2013 −
04 − 28, 2013 − 04 − 29, 2015 − 04 − 02}. Thus, support(I1) = 3

4 =
75% meaning that 75% of the input time series can be ordered
consecutively according to I1.

Definition 3.1 (Frequent gradual patterns). Let a gradual pat-
tern p is said to be frequent if support(p) ≥ min_support where
min_support is a minimum support threshold defined by a user.

The number of extracted frequent gradual patterns can be very
huge, in order to reduce the number of patterns without loss of
information, many studies define and use the closed patterns.

Definition 3.2 (Closed patterns). A gradual pattern p is said to
be closed if there does not exist any p′ such that p ⊂ p′ and
support(p) = support(p′).

Table 2 shows an example of a crypto-currency dataset where S =
{Time, Price(USD), Fees,GeneratedCoins} and T = {t1, t2, t3, t4}
in the classical form of a database table. The transactions are the
rows and the attributes the columns. In this example, S is taken
from a set of crypto currency features used in experiments: date,
transaction volume (USD), transaction count, crypto-currency mar-
ket, capitalizations (USD), price (USD), exchange volume (USD),
generated coins, fees.

Then, a state of the art closed frequent gradual itemset mining
algorithm is applied. We use Para-Miner [17], a generic pattern
mining algorithm for multi-core architectures. Para-Miner includes
itemset, gradual itemset and graphmining algorithms. The resulting
closed frequent co-variation patterns of each individual crypto-
currency source are the patterns we are looking for.

Table 3 shows the frequent closed gradual patterns of a crypto-
currency. The frequency has been fixed to a minimum support
threshold of three transactions (min_support = 3).

Due to imbalanced time series, we run multiple instance of grad-
ual pattern mining algorithm on different crypto-currency sources.
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TID Time Price Fees TxCount Generated
(USD) Coins

1 2013-04-28 134.21 41.67 47031 3750
2 2013-04-29 144.54 31.67 40035 4200
3 2015-04-01 247 15.35 110634 3750
4 2015-04-02 253 17.36 121155 3475

Table 2: Example dataset of a crypto-currency

Pattern ID Pattern (Frequency)
1 Time↑ Price↑ (4/4)
2 Fees↑ (4/4)
3 TxCount↑ (4/4)
4 GenCoins↑ (4/4)
5 Time↑ Price↑ GenCoins↓ (3/4)
6 Time↑ Price↑ Fees↓ (3/4)
7 Time↑ Price↑ TxCount↑ (3/4)
8 TxCount↑ GenCoins↓ (3/4)
9 Time↑ Price↑ TxCount↑ GenCoins↓ (3/4)

Table 3: Frequent closed gradual patterns from Table 2.

Each crypto-currency source cryptoi has input of a gradual pat-
tern mining algorithm instance insti∀i ∈ [0,CS] where CS is the
number of crypto-currency sources. Each instance insti discovers
gradual patterns patternsi = {pi1 , · · · ,pi j } where j is the number
of patterns in an instance insti . Thus, we obtain a set of frequent
closed gradual pattern from each crypto-currency source.

3.3.2 Graph-based patterns modeling and visualization.
Given a set of patterns from a crypto-currency source, the goal of
this step is to propose a graph model for representing the discov-
ered patterns for mining and visualization. The graph is used for
visualization of the frequent gradual patterns results of each crypto-
currency instance as well as for mining multiple crypto-currency
sources. The main advantage of using graph data structure is its abil-
ity to reduce the number of redundant items in patterns. The graph
uses an item as a node exactly once rather than two or more times as
was done in output gradual mining algorithm. There are two main
steps to construct co-variations graph for frequent gradual patterns
discovered and generated from an instance: the post-processing
step of an instance, and the co-variations graph construction step.

Post processing. This step consists in filtering the discovered
patterns based on constraints provided as inputs. The filter is to
remove individual patternswith a single item because their supports
are always 100% [8]. Then, we focus on patterns with two or more
items.

Co-variations graph. To characterize dependency relations be-
tween an item and the support in a pattern, we introduce a notion
of item-dependency rule. We also introduce co-variations graph as
an intuitive graph representation for item-dependency rules.

Definition 3.3 (Item-dependency rule). Let P={itemset , support
(itemset) } be a gradual patternwhere itemset = {(itemk1 ,variationk1 ),
. . ., (itemki ,variationki )}where all distinct {k1, . . . ,ki } ⊆ {1, . . . ,n}.

An item-dependency rule (itemki ,variationki ) → support(itemset)
denotes a dependency on support(itemset) of pattern P .

Intuitively, an item-dependency rule indicates that the occur-
rence of (itemki ,variationki ) in pattern P is support(itemset) if
and only if (itemki ,variationki ) occurs in P .

Table 4 shows an example of item-dependency rules. Every item
in a frequent pattern is converted into an item-dependency rule
with keeping the pattern identifier associated to a rule identifier.
The identifiers are useful for maintaining the traceability of the
item in the pattern.

Rule ID Pattern ID Item-dependency rule

1 5
Time↑ → (3/4)
Price↑ → (3/4)
GenCoins↓ → (3/4)

2 6
Time↑ → (3/4)
Price↑ → (3/4)
Fees↓ → (3/4)

3 7
Time↑ → (3/4)
Price↑ → (3/4)
TxCount↑ → (3/4)

4 8 TxCount↑ → (3/4)
GenCoins↓ → (3/4)

5 9

Time↑ → (3/4)
Price↑ → (3/4)
TxCount↑ → (3/4)
GenCoins↓ → (3/4)

Table 4: Item-dependency rules of Table 3

Definition 3.4 (Star of rules). Let P=itemset, support(itemset)
and R = {(itemk1 , variationk1 ) → support(itemset), . . ., (itemki ,

variationki ) → support(itemset)} be a gradual pattern and its
item-dependency rules, respectively. A star of rules SR is an attrib-
uted, single-level, rooted tree which can be represented by a 3-tuple
SR = (r ,δ ,alpha), where r is the root vertex that represents the
support(itemset), δ is the set of leaves (itemki ,variationki ), and α
is a labeling function of a root r where each rule has its own root
r . Edges exist between r and any vertex in δ and no edge exists
among vertices in δ .

Thus, a pattern is represented by star of rules. The union of two
stars of rules SR = (r ,δ ,α) and SR′ = (r ′,δ ′,α ′) is the union of
their vertex sets and their edge. Which means SR ∪ SR′ = (r ∪
r ′,δ ∪ δ ′,α ∪ α ′). The union of stars of rules is called co-variations
graph.

Table 5 shows stars of rules constructed from Table 4. The circle
vertex with the green color represents an item with its the symbol
variation ↑ having a positive (ascending) variation. In contrast, the
vertex with the red color represents an itemwith is symbol variation
↓ having a negative (descending) variation, and the rectangle vertex
represents the support threshold of a pattern linked with circle
vertices.

Definition 3.5 (Co-variations graph). Let SR be a set of stars of
rules. A co-variations graph over a set of items with their variations
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Rule ID Pattern ID Stars of rules

1 5
(3/4)Price↑ GenCoins↓

Time↑

2 6
(3/4)Price↑ Fees↓

Time↑

3 7
(3/4)Price↑ TxCount↑

Time↑

4 8 (3/4)TxCount↑ GenCoins↓

5 9 (3/4)Time↑ GenCoins↓

TxCount↑

Price↑

Table 5: Stars of rules

V is a undirected graph G = (V ,E, β) = ⋃Ω
i=1 SRi where Ω is the

number of patterns discovered in an instance:

• V is the set of vertices in G, where each vertex v ∈ V is
an item and a support of a pattern from V . The same items
having the same labels share the same vertex identifier. For
each support of a pattern has a unique vertex identifier.

• E is a set of edges inG . Letu = (itemki ,variationki ) andv =
support(itemset) be two vertices. There is an edge (u,v) ∈ E
if and only if there exists a item-dependency rule u → v in
a star of rules.

• β is a labeling function of items and supports of patterns.

Figure 3 shows an example of a co-variations graph. All vertices
sharing the same labels are merged int the same vertex except
the supports of patterns, where each support has its own vertex
identifier. This condition is necessary for keeping a traceability of
patterns and do not change the patterns interpretation.

(3/4)(3/4)

(3/4)
(3/4)

(3/4)

Time↑ GenCoins↓

Fees↓

TxCount↑

Price↑

Figure 3: Co-variations graph

3.4 Inter crypto-currency correlation discovery
Every crypto-currency source has its own co-variations graph
which constitute a graph database of co-variations graphs. Through
graph mining, the frequent co-variations subgraphs across crypto-
currencies are discovered. The frequent co-variations subgraphs
allow to obtain the common co-variations features and correla-
tion among a set of crypto-currencies. Mining these graphs allows
to extract the frequent subgraph patterns describing the common
co-variation in crypto-currencies. The advantage is to mine co-
variation of gradual patterns discovered from individual imbalanced
crypto-currency sources. The data mining technique used to dis-
cover the frequent subgraphs is called frequent subgraph mining
algorithm [22, 23]. The frequent subgraphs represent the frequent
co-variations in crypto-currencies. Given Dд is the co-variations
graph database, the frequent subgraphs mining aims to mine co-
variations graphs with more support value in comparison with
predefined minimum support threshold [22, 23].

Definition 3.6 (Subgraph). LetG1 = (V1,E1) andG2 = (V2,E2) be
two graphs.G2 is a subgraph ofG1 iffV2 ⊆ V1 and E2 ⊆ E1. In such
a case, we also say that G1 is a a supergraph of G2.

To determine the frequency of a subgraph in a graph dataset, it is
necessary to mine subgraphs that are isomorphic with an existing
graphs in a graph dataset.

Definition 3.7 (Subgraph Isomorphism). Let G1 = (V1,E1) and
G2 = (V2,E2) be two graphs. A subgraph isomorphism from G1
to G2 is a function f : V1 → V2 such that if (u,v) ∈ E1, then
(f (u), f (v)) ∈ E2 and the labels should be added to the mapping.
In addition, (u,v) < E1, then (f (u), f (v)) < E2. f is an induced
subgraph isomorphism.

Definition 3.8 (Induced subgraph). Let G1 = (V1,E1) and G2 =
(V2,E2) be two graphs. A subgraphG1 ⊆ G2 is an induced subgraph,
if E1 = E2 ∩E(V1). In this caseG1 is induced by its setV1 of vertices.

Definition 3.9 (Frequent Subgraph). LetDд = G1,G2, . . . ,Gm and
min_supportDд be a labeled undirected graph dataset andminimum
support threshold in graph dataset Dд . A frequent subgraph is a
graph whose support is not less than a minimum user-specified
support thresholdmin_supportDд . The support or frequency of a
subgraphGs is the percentage or number occurrences of subgraphs
in Dд .

The graph support Gs is denoted by Sup(Gs ) and is given as:

Sup(Gs ) =
∑n
i=1Gi

|Dд |
(1)

The support of frequent subgraph Gs is the number of graphs in
Dд induced Gs by the total number of graphs in Dд .

Figure 4 shows an example of a co-variation graph dataset D and
a closed frequent co-variation subgraph with a minimum support
min_supportDд = 2/3.We discretized continuous numeric supports
into bins of numeric frequency intervals in order to regroup co-
variation patterns having close frequency values. As an example,
the frequency values of patterns are discretized by bins of 10 from
0% to 100%. It means all frequency values between 0% and 10% are
represented by the bin 0_10.
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(a) Graph 1

(70_80)(70_80) Time↑

Fees↓

TxCount↑

Price↑

(b) Graph 2

(70_80)Time↑

GenCoins↓

TxCount↑

Price↑

(c) Graph 3

(70_80)Time↑

Price↑

(d) Closed frequent sub-
graph (x3/3)

(70_80)(70_80) Time↑

Fees↓ Price↑

(e) Closed frequent subgraph
(x2/3)

(70_80)Time↑ TxCount↑

Price↑

(f) Closed frequent subgraph
(x2/3)

Figure 4: Co-variations graphs (4a, 4b, 4c) and closed fre-
quent co-variation subgraphs 4d, 4e, 4f among them.

After building the graphs collection from different crypto-currency
sources, we can use a state of the art frequent subgraph mining algo-
rithm. The frequent subgraph mining has attracted much attention
in the graph mining community with various efficient algorithms
developed such as FSG [12], gSpan [22], CloseGraph [23], Gas-
ton [1], and ParaMiner [17]. These techniques aim to identify the
frequently occurring subgraph patterns from a given collection
of graphs. For discovering the frequent co-variations of multiple
crypto-currency sources, we use ParaMiner [17] as the intra crypto-
currency methodology.

4 EXPERIMENTAL RESULTS AND ANALYSIS
In this section, we show four sets of experimental studies using
blockchain of crypto-currency data and financial stock exchange
data.With the aim to fully discover knowledge, the goal is to answer
to the questions asked in Section 1: (1) In the first set of experi-
ments, we extract patterns related to each crypto-currency using the
intra-crypto-currency correlation discovery method. (2) In the sec-
ond set of experiments, we extract patterns by mining co-variation
patterns across crypto-currencies using the inter crypto-currency
correlation discovery method. (3) In the third set of experiments, we
mine the prices of crypto-currencies with financial stock exchanges:
SX5E, HSCEI, NIKKEI, NASDAQ, DOW JONES. (4) In the fourth
set of experiments, we mine the prices of two popular crypto-cur-
rencies with the results of a search on Google Trends 4 with the
keywords Bitcoin and Ethereum. The objective here is to highlight
the relationships between Bitcoin and Ethereum prices and their
popularity on the web and social media worldwide.
4https://trends.google.com/trends

4.1 Experimental Setup
We collect two datasets from https://coinmetrics.io 5 and https:
//finance.yahoo.com for blockchain crypto-currencies and financial
stock exchanges which contain daily data from the beginning of
each crypto currency until January 01, 2018.

4.2 Discovered intra-crypto-currency results
In this set of experiments, we extract the closed frequent gradual
patterns with a minimum support thresholdmin_support = 10%.
The patterns are represented in an encoded graph. We visualize
a co-variations graph using three types of vertices as shown in
Figure 5. This figure represents a frequent gradual patterns visual-
ization extracted from each crypto-currency source based on the
proposed scheme. The circle vertex with the green color and the
symbol "+" represents a positive (ascending) variation ↑. The vertex
with the red color and the symbol "-" represents a negative (descend-
ing) variation ↓. The rectangle vertex represents the support of a
pattern linked with circle vertices. Figure 5 shows co-variation fre-
quent patterns of different crypto-currencies. For instance, among
the frequent co-variations patterns, we find the following patterns.
In Bitcoin, when the transaction volume increases, the exchange
volume and crypto-currency market capitalization increase too,
occurring in 85.47% of the cases. Another frequent pattern is a high
dependency between the transaction volume and crypto-currency
market capitalization and occurring daily in 100%. A low depen-
dency between the Bitcoin price and its features: crypto-currency
market capitalization, transaction volume, and exchange volume.
We find the same patterns between Bitcoin and Ethereum except
for the number of co-occurrences which is very low. We notice the
majority patterns in Bitcoin and Ethereum have positive (ascending)
variation as well as frequent and infrequent co-variation patterns.
In XMR crypto-currency, we find a less frequent co-variation pat-
terns with a negative (descending) variation of generated coins
where the lower generated coins, the higher crypto-currency mar-
ket capitalization and transaction volume occurring in 22.34% of
the cases.

4.3 Discovered inter-crypto-currency results
In this experiment, based on the discovered co-variations in each
crypto-currencies source, we extract the closed frequent subgraphs
across co-variations graphs with a minimum support threshold
min_supportDд = 50%.

We mine 8 crypto-currencies co-variation graphs discovered in
last experiments 4.2 : ZEC, XMR, VTC, PIVX, LTC, DCR, ETH, BTC.
To be able to use the graph mining algorithm, we discretized con-
tinuous numeric frequency of patterns in co-variation graph into
bins of numeric intervals in order to regroup patterns exhibiting
similar values and belonging to the same interval. As an example,
the frequencies are discretized by bins of 10 from 0 to 100 i.e. all
frequencies between 0 and 10 are represented by (0_10). Figure 6
shows a frequent co-variations pattern across crypto-currencies.
We find that 92% of crypto-currencies have the same co-variation
patterns especially a high dependency between the transaction vol-
ume, crypto-currency market capitalizations and exchange volume

5https://github.com/whateverpal/coinmetrics-tools

https://trends.google.com/trends
https://coinmetrics.io
https://finance.yahoo.com
https://finance.yahoo.com
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Figure 5: Co-variation frequent patterns of different crypto-currencies.
1: Date, 2: Transaction volume(USD), 3: Transaction count, 4: Crypto-currency Market Capitalizations(USD), 5: Price(USD), 6:
Exchange volume(USD), 7: Generated coins, 8:fees

and a low dependency the price and the rest of features. We notice
that the majority of crypto-currencies have the same characteris-
tics and evolve in the same direction. As the last experiment, all
variations are positive.

(70_80)

8+

6+

5+

4+

(10_20)

3+
(20_30)

2+

1+ (90_100)

(60_70)

Figure 6: Frequent co-variations pattern across crypto-
currencies

4.4 Discovered co-variation patterns between
crypto-currencies and financial stock
exchanges

In this experiment, we mine the prices of two popular crypto-
currencies Bitcoin and Ethereum with financial stock exchanges.
For this, we use the same gradual pattern mining algorithm as ex-
periment 4.2 with a minimum support thresholdmin_support = 8%.
Figure 7 shows two co-variation patterns across financial stock
exchanges and crypto-currency prices. We discover infrequent pat-
terns with a low frequency. In the first pattern, Figure 7a, the higher
exchanges euro-dollar, the lower DJI, HSCE, and NDAQ, the higher
gold with a frequency between 8% and 9%. In the second pattern,
Figure 7b, no high co-variation dependency between financial stock
exchanges and Bitcoin and Ethereum prices have been identified.
A low dependency exists between the Bitcoin and Ethereum prices
(17.87%).

4.5 Discussion
Our knowledge discovery approach from imbalanced time series
provides insightful patterns by extracting frequent or infrequent co-
variations in crypto-currencies features as well as across the thou-
sand of crypto-currencies and financial stock exchanges. Our tool
helps the financial experts to highlight co-variations patterns and
the impact on financial markets. In the experiments, we saw, first,
the ascendant and positive co-variations of crypto-currencies fea-
tures: prices, number of transactions, generated coins, market capi-
talization. Secondly, almost all crypto-currencies have the same pos-
itive co-variations features and having the same behavior. Thirdly,
knowing that the important feature in cypto-currencies is the price,
from our experiments, we have found no high dependency between
the price and blockchain features or financial stock exchanges.
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Figure 7: Co-variation patterns across financial stock ex-
changes and crypto-currency prices.
1:Date; 2:exchange-EUR-USD; 3:DJI; 4:HSCE; 5:N225;
6:NDAQ; 7:STOXX50E; 8:GOLD; 9:BTC; 10:ETH

Thus, the price is completely disconnected from the rest of features.
Interesting challenge is to take into consideration the influence of
political events and extra-events on cypto-currencies prices which
can be considered as a future work. From our approach and ex-
periments, the financial experts and investors can obtain answers
to the questions asked in 1. Moreover, the proposed scheme pro-
vides a meaningful visualization even if the number of patterns is
very large. The amount of visualized patterns is independent of the
number of selected itemsets in input.

5 RELATEDWORK
Recently, many studies and works on blockchain data analytics
have been published [3], addressing clustering transactions [10, 19],
financial frauds [14, 15, 20], predicting interactions transactions [5]
or studying denial-of-service attacks [21]. Most of works focus on
one or two crypto-currencies analysis such as Bitcoin or Ethereum.
However, no multiple analysis have been provided between the
crypto-currencies, their blockchains with the different currencies
and financial stock markets.

Crypto-currency analysis. In [13], the authors studied the re-
lationship between Bitcoin, and search queries on Google Trends
and Wikipedia. They discovered that the search queries and the
prices strongly connected; as the price of Bitcoin increases which
the interest of investors as well as a general public. In [18], the
authors proposed an anomaly detection approach to detect users
and transactions are the most suspicious the Bitcoin transaction net-
work. They used unsupervised learning methods based on graphs
generated by the Bitcoin transaction network. In [3], the authors
proposed a methodology to create custom analytics for the Bit-
coin blockchain by constructing a blockchain data as a collection
in a NoSQL database and analyzing the collection by using the
query language of the database. Other types of blockchain mod-
eling are presented, for instance, in [11], the authors presented
GraphSense, a graph-based model for blockchain transactions and
crypto-currencies analytics. In [2], the authors studied the charac-
teristics of blockchains by investigating the blockchains activity
using statistics tools in order to identify some curiosities in the
blockchains.

Time series analysis based on data mining. Many works on
time series mining are based on transformation of numeric values
into items, and sequences. For instance, in [6], the authors proposed
a pattern discovery process from multiple time series based on tem-
poral logic. They transform multiple time series into multiple event
sequences and mine the frequent subsequences across the event
sequences. In [7] and [9], the authors proposed a review of existing
approaches on mining time series. They showed that the existing
approaches related to mining time series are generally based on
time series transformation for clustering, classification, similarity
measures, subsequence matching and subsequence mining. The au-
thors highlighted the issue and the need to handle multi-attributes
time series, mining on time series data stream.

The originality of our approach compared to the related works
is threefold. Firstly, we address the practical problem of conducting
co-occurrence variation mining in a time series for imbalanced data.
Secondly, it relies on a completely automatic combination of data
mining approaches that find co-variation metrics across multiple
currencies and crypto-currencies, and presents the frequency of the
co-variations. Thirdly, we provide a graph-based visualization co-
variation metrics. All these originalities allow investors, financial
experts, scientists, and all public to understand the different process
and the behavior of crypto-currencies and blockchain.

6 CONCLUSION AND FUTUREWORK
In this paper, we present a knowledge discovery and extraction ap-
proach from crypto-currencies of multiple imbalanced time series.
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Our approach is based on gradual pattern mining and graph min-
ing algorithms. It excels to discover co-variations patterns across
crypto-currencies and financial stock exchanges. However, to the
best of our knowledge, none of existing methods of mining crypto-
currencies data and looking for relationships between the discov-
ering crypto-currencies, their blockchain and financial stock ex-
changes. Our results advocate that such approaches are of interest.
It allows financial experts and investors to have deeper analysis of
crypto-currencies markets, and a better understanding of its behav-
ior. Experiment results on the public blockchain, crypto-currencies,
and financial stock exchanges demonstrate that our approach can
provide strong insight co-variation patterns.
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