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Abstract. Crypto-coins (also known as cryptocurrencies) are tradable
digital assets. Notable examples include Bitcoin, Ether and Litecoin.
Ownerships of cryptocoins are registered on distributed ledgers (i.e.,,
blockchains). Secure encryption techniques guarantee the security of the
transactions (transfers of coins across owners), registered into the ledger.
Cryptocoins are exchanged for specific trading prices. While history has
shown the extreme volatility of such trading prices across all different sets
of crypto-assets, it remains unclear what and if there are tight relations
between the trading prices of different cryptocoins. Major coin exchanges
(i.e.,, Coinbase) provide trend correlation indicators to coin owners, sug-
gesting possible acquisitions or sells. However, these correlations remain
largely unvalidated.

In this paper, we shed lights on the trend correlations across a large
variety of cryptocoins, by investigating their coin-price correlation trends
over a period of two years. Our experimental results suggest strong cor-
relation patterns between main coins (Ethereum, Bitcoin) and alt-coins.
We believe our study can support forecasting techniques for time-series
modeling in the context of crypto-coins. We release our dataset and code
to reproduce our analysis to the research community.
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1 Introduction

Cryptocurrencies, also known as crypto-coins, are tradable digital assets, backed
by secure encryption techniques to ensure the security of transactions (typically,
the transfer of coins across wallets). Notable examples include Bitcoin [14], Ether
(the native cryptocurrency of the Ethereum blockchain [8]) or Litecoin (used in
a fork of the original Bitcoin network). Nowadays there exists thousands of cryp-
tocurrencies (CoinMarketCap [3] lists 10039 coins as of April 2022). Cryptocoins
are designed to be traded as a form of digital money: the first useful Bitcoin trans-
action was used by a peer-to-peer payment between Satoshi Nakamoto (Bitcoin’s
founder) and one of its early adopters, and dates back to 2009.! Cryptocoins are
nowadays traded over online (centralized or decentralized) exchanges, including

! https://www.blockchain.com /btc/block/170.
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Coinbase [2], Kraken [5], Binance [1], Uniswap [6], etc. With a current estimated
worldwide market-cap of 1.71 Trillion dollars, the cryptocoins economy roughly
match the GDP of South Korean in 2021 [4].

Average daily price trends for the top-5 coins

BTC 4 ETH 4 BNB @ XRP B ADA ¥

Price (normalized)

Fig. 1. Normalized (min-max) average prices of the top-5 cryptocoins since January
2020.

The ownership of cryptocoins is registered on distributed ledgers (i.e.,,
blockchains), together with the corresponding transactions (transfers of coins
across wallets). Cryptocoins are exchanged (i.e.,, sold, bought) for specific trad-
ing prices. While it is beyond the scope of this work to understand the exact
nature of those prices, history has shown the extreme volatility of such trading
prices across all different sets of crypto-assets. For instance, Fig. 1 shows the nor-
malized average daily prices of 5 popular cryptocoins (i.e.,, BTC, ETH, BNB,
XRP, ADA) since January 2020.

It remains unclear what and if there are tight relations between the trad-
ing prices of different cryptocoins. Major cryptocoin exchanges, in particular
given the enormous popularity that such digital assets have grown into the large
public, and further facilitated by the easy access to these markets via mobile
apps, started to provide trend correlation indicators to coin/wallet owners. Such
correlation indicators can possibly drive end-users towards acquisitions or sells.
Coinbase, among the most popular cryptocoin exchanges, indicates the price
correlation as the tendency of other asset prices to change at the same time as
the asset shown on the page. In their case, correlation is computed leveraging
the Pearson correlation with USD order books over the last 90 d.

However, the nature of such correlations, their intensity as well as the evo-
lution of the correlations through time, remain largely unvalidated.

The contributions of this work-in-progress paper are twofold. First, we
extract the trading prices, as well as other exchange metadata (e.g.,, open and
closing price, market cap, volume), for the top-100 cryptocoins since the last
two years from a popular cryptocoin monitoring web-site. Second, we leverage
this dataset to carry out our preliminary study of the trend correlations between
and across crypto-coins. Specifically, we investigate daily, weekly and monthly
correlation patterns exhibited by two principal cryptocoins, i.e., BTC and ETH,
against the remaining set of alt-coins in our dataset. Our analysis show strong
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correlations between the observed trends. We will leverage these observations in
our future work, where we plan to exploit the observed correlations to forecast the
future trading trends and by considering the problem of time-series forecasting
applied to the crypto-coin market.

We follow an open science approach: our datasets will be released and made
available to the research and open-source community.
Roadmap. This paper is organized as follows. Section 2 provides background
materials on Bitcoin, Ethereum, as well as general notions of correlation analysis.
Section 3 describes our dataset, as well as our work-in-progress analysis. We
briefly cover related work in Sect. 4, before concluding and presenting our future
work in Sect. 5.

/lt,

RNN

Fig. 2. ML-based time series forecasting approaches: RNN, LSTM and GRU.

2 Background

Cryptocoins in a Nutshell. Cryptocoins are digitally encrypted assets. They
were typically designed to replace fiat currencies and used mostly in peer-to-
peer networks. Depending on the incentive natures of the underlying blockchain,
cryptocoins (or token) are rewarded to nodes in the network. We differentiate
between three main types of cryptocoins: (i) Bitcoin, (%) alt-coins, and (%ii)
stable coins.? Alt-coins are alternative coins to Bitcoin. Notable examples include
Ether (ETH), Cardano (ADA), Litecoin (LTC), or Ripple (XRP). A stablecoin is
a class of cryptocurrencies that attempt to offer price stability and are backed by
a reserve asset, e.g.,gold or the value of the American dollar. Examples include
USDT (Tether) and USDC.

Time Series Analysis. A time series is an n-tuple of observations collected
sequentially over time. Common examples of time series include trends of interest
rates and stock prices, daily high and low temperatures, the electrical activity
of the heart, etc. The purpose of time series analysis is generally twofold: (i) to
understand the mechanisms and the inner dynamics of an observed series, and
(i) forecast the future values of the series based on the historical ones. To analyze

2 Some characterizations define stable coins as sub-classes of alt-coins, together with
secure tokens, utility tokens, and more. We leave as future work to study in-depth
the correlations between such sub-types of alt-coins.
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time series as sequences of random variables (i.e.,stochastic processes), it is
common to assume their stationarity: a time series is stationary if the probability
laws that govern its behavior do not change, and its mean g is constant over
time. The Autoregressive Moving Average is a state-of-the-art stationary time
series modeling approach, which combines an Autoregressive (AR) process of
order p and of a Moving Average (MA) process of order q.

Real applications do not expose stationary trends. The Autoregressive Inte-
grated Moving Average model (ARIMA) differentiates a nonstationary process
a number d of times, until it becomes stationary. It is common to observe the
presence of a seasonality in the trend of a time series, especially in applica-
tions where cyclical tendencies are very common (like business or economics).
To handle periodical components, a common model is the Seasonal Autoregres-
sive Integrated Moving Average (SARIMA), that can be mapped to a standard
ARIMA model in absence of seasonality [10].

A significant progress in time series modeling was introduced by temporally-
aware ML models, i.e.,Recurrent Neural Networks (RNNs) (see Fig. 2). In those,
the behaviour of hidden neurons is not only determined by the activations in
previous hidden layers, but also by the activations at earlier times. The activation
function for every hidden layer of a RNN is: A(®) = f(h(t=1) 2" @), There, the
hidden layer at the time ¢, h(!), is a function of the previous status, h(*~1) of
the current input z* and of the activation function adopted, 6.

The training process of RNNs is usually complex, due to the unstable gradi-
ent problem: the gradient of the adopted cost function tends to get smaller or
bigger as it is propagated back through layers, resulting in a final vanishing or
exploding effect, respectively. RNNs are unable to model long term dependen-
cies, lacking predictive ability when dealing with long sequences of data. To solve
this problem, more effective sequence models are adopted in practical applica-
tions, such as Long Short-Term Memory (LSTM) and networks based on the
Gated Recurrent Unit (GRU). Such gated RNN architectures allow the network
to accumulate information over a long time period, learning to decide how to
forget the old states once that information has been used and processed [11].

Table 1. Mean/standard deviation for the top-5 cryptocoins since January 2020 (Open,
High, Low and Close expressed in 1K US dollars, volume and market Cap in 1B US
dollars).

Coin Open High Low Close Volume Market Cap
BTC 29.39/19.55 30.18/20.07 28.50/18.92 29.42/19.53 39.63/20.41 550.41/368.54
ETH 1.57/1.44 1.63/1.49 1.51/1.39 1.57/1.44 20.48/11.05 184.19/170.90
BNB 0.20/0.21 0.21/0.22 0.19/0.20 0.20/0.21 1.63/1.91 33.18/35.39

XRP 5.64e-4/3.94e-4 5.90e-4/4.17e-4 5.36e-4/3.68e-4 5.64e-4/3.94e-4 4.59/4.91 25.70/17.96
ADA 7.97e-4/8.21e-4 8.33e-4/8.55e-4 7.60e-4/7.84e-4 7.99e-4/8.21e-4 2.29/2.77 25.67/26.77
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3 Preliminary Evaluation

We describe here our experimental evaluation of the correlations between cryp-
tocoins. First we describe our dataset, and then we show several correlation
patterns.

Dataset. We collected our dataset from CoinMarketCap [3], a leading aggre-
gator of cryptocurrency market data. It contains records (High, Low, Open,
Close, Volume and Market Capitalization) for 68 coins registered during a time
frame of 25 months, namely from 24.12.2019 to 24.01.2022. “High” and “Low”
are the highest and lowest prices reached by the asset during the considered time
frame; “Open” and “Close” the opening and closing market prices; “Volume”
the measure of how much it was traded in the last period. Finally, “Market
Capitalization” indicates the total market value of its circulating supply. The
dataset includes a total of 51884 observations. The resulting time series for each
coin trend includes 763 steps. Table 1 reports mean and standard deviation for
the gathered records and across the top-5 cryptocoins in our dataset.

Daily price trends BTC vs ETH
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Fig. 3. Trend of Bitcoin and Ethereum prices during the last 2 years.

The two major coins in terms of Volume and Market Capitalization are Bit-
coin (BTC) and Ethereum (ETH), that we selected as the benchmarks for our
subsequent study. The price trend of those cryptocoins over the past two years
(shown in Fig. 3) showed on average a high positive correlation (with a Pearson
coefficient ~0.9).

Correlation Patterns. The aim of the present study is to identify and analyze
the presence of cross-correlation patterns in cryptocurrency trends. To do so, we
analyze the correlations of 66 alt-coins present in our dataset against BTC and
ETH, and for three different time frames: daily, weekly and monthly. For weekly
and monthly correlations we define the sequence segments adopting a sliding
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window approach, where observations are grouped within a window that slides
across the data stream. The daily observations for each coin are averaged over
sliding partitions of 7 and 30 d respectively, and then the correlations with other
coins are computed on the resulting aggregated values. Note that we postpone
the study of thumbing windows, where there is no overlapping of data clusters,
to future work. We represent those correlations, averaged among all the studied
variables (i.e.,, High, Low, Open, Close, Volume and Market Cap), as a series
of “cross-correlograms” of coins (Fig. 4). The radius of each circle represents the
strength of the relation (in terms of Pearson coefficient) between each of the
considered alt-coin and BTC (Figs.4a/c/e) or ETH (Figs.4b/d/f). The color
identifies the sign of the correlation (green if positive, red otherwise). The anal-
ysis of the cross-correlogram clearly shows how the vast majority of considered
alt-coins are strongly correlated with and follows the same trend of the two mar-
ket leaders. Their average values of the Pearson coefficient very close to 1. Not
surprisingly, the only visible exceptions are represented by the stablecoins avail-
able in our dataset (i.e.,, USDP, TUSD, DAI, BUSD, USDC, USDT), that are
pegged to the US dollar and follow standalone trends with total independence
from the rest of the coins in the market.

4 Related Work

There exists studies which analyzed co-movement and cross-correlation phe-
nomena in cryptocurrency market trends. Similar to our study, Katsiampa [12]
investigated the volatility dynamics of the two major cryptocurrencies, Bit-
coin and Ethereum, finding evidence of interdependencies between the two and
price responsiveness to major news in the market. Aslanidis et al. [7] showed
that cryptocurrencies exhibit similar mean correlation among them, with an
unstable trend over time; in addition, the authors computed coins correlation
against more traditional assets, detecting an independent behavior respect to
other financial markets. In [13], Bitcoin is identified as the leader in the cryp-
tocurrency market using wavelet-based methods, showing how other coins trends
are dependent from BTC price movements: as a result, Bitcoin price drops are
immediately reflected in other cryptocurrency prices. Finally, [9] studied the
collective behaviour for the cryptocurrency market discovering distinct and not
time-persistent community structures characterized by cross-correlation.
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Fig.4. Daily, weekly and monthly cross-correlations between the alt-coins and
BTC/ETH.

5 Conclusion and Future Work

Cryptocoins present very volatile trends on public exchanges. In this work-
in-progress paper, we presented our preliminary evaluation of the correlations
between BTC, Ether and 66 other alt-coins. Our analysis shows strong correla-
tions, suggesting alt-coins follow closely the trends of the two main ones. Follow-
ing this initial study, we will further investigate the cross-correlation between the
two market leaders and the alt-coins, in the perspective to forecast their price
trends by using the time-series techniques from Sect. 2. We believe that our work
could represent a significant starting point for further analyses in co-movement
behaviors within the cryptocoin markets and in modeling and forecasting trends
of the asset prices.

Metadata, analysis data, tools and code for reproducibility are available to
the research community at https://github.com/quapsale/cryptoanalytics/.
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