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Abstract
We analyze markets for cryptoassets (cryptocurrencies and stablecoins), investigat-
ing market impact and efficiency through the lens of the market order flow. We pro-
vide evidence that markets where cryptoassets are exchanged between themselves 
play a central role on price formation and are more efficient than markets where 
cryptocurrencies are exchanged with the US dollar. For the first set of markets we 
observe some evidence of the presence of insiders/contrarians, instead in the latter 
we observe the predominance of herding and trend-followers.

Keywords  Stablecoin · Cryptocurrency · Liquidity · Efficiency · Market impact

JEL Classification  E41 · E50

1  Introduction

Cryptoassets represent an interesting laboratory setting for financial market research. 
They are traded in anonymous exchanges, several exchanges are available for each 
market, there are no best price execution obligations, few traders actively operate in 
several exchanges, price discovery and information flow are not smooth as in regu-
lated markets. These features render the analysis of efficiency and deepness of these 
markets a very interesting—and largely unexplored—topic.

Differently from many papers that concentrate only on markets where cryptoas-
sets are exchanged with the US dollar, see for example Baur et al. (2018), Brandvold 
et  al. (2015), Grobys (2021), Lintilhac & Tourin (2017), Petukhina et  al. (2021), 
we consider markets where fiat money is exchanged with cryptoassets as well as 
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markets where cryptoassets are exchanged with each other (including Tether). We 
would like to stress the importance of considering the latter markets: their role is 
becoming more and more relevant, for example Ciaian et al. (2018) show that 47% 
of Ethers are exchanged with Bitcoin, and only 37% with US dollar or Euro.

We investigate market impact and market efficiency (return and arbitrage oppor-
tunities) at high frequency, centering the analysis on market order flow (signed vol-
ume). We show that markets where cryptoassets are exchanged between themselves 
play a central role on price formation and are more efficient than markets where 
cryptocurrencies are exchanged with the US dollar, where there is a predominance 
of herding.

More in details, analysing the order flow, we show that traders act as trend-fol-
lowers at high frequency in all markets and behave as contrarians at daily frequency 
(as in stock exchange) only in markets where cryptoassets are exchanged between 
themselves. There is some evidence that sophisticated traders operate in these mar-
kets exploiting financial time series regularities for trading, whereas in the second 
set of markets traders mostly herd at high frequency with low persistency of order 
flow at lower frequencies.

Market impact refers to the effect of the order flow on the contemporaneous price 
change/return. The topic has been addressed in a large literature for stock exchange 
and exchange rate markets, see Berger et al. (2008), Chordia et al. (2002, 2005), Cont 
et al. (2013), Evans & Lyons (2002), and in cryptocurrency markets, see Donier & 
Bonart (2015), Lyons & Viswanath-Natraj (2019), Makarov & Schoar (2020), Silan-
tyev (2019). In agreement with the stock exchange literature, we observe that there 
is a positive relation between the order flow and the contemporaneous asset return 
in all markets, however the market impact of the order flow is negligible for mar-
kets where cryptocurrencies are exchanged with the US dollar and high for markets 
where cryptocurrencies are exchanged with Tether. Moreover, in the latter markets 
there is some evidence that sophisticated traders operate with an inventory target, 
whereas the order flow does not seem to contain relevant information in markets 
where cryptoassets are exchanged with the US dollar.

As far as market efficiency is concerned, we investigate the topic along two dif-
ferent directions: return predictability and arbitrage opportunities.

Market efficiency of cryptoassets has been investigated in many papers through 
statistical tests, see, e.g., Bariviera (2017); Brauneis and Mestel (2018); Nadarajah 
and Chu (2017); Sensoy (2019); Tiwari et al. (2018); Urquhart (2016). In our analy-
sis we take a different perspective. Given that the order flow has a market impact 
on contemporaneous price movements/returns, we follow Chordia et al. (2002) and 
Chordia et al. (2005) testing for the random walk hypothesis at different frequencies, 
i.e., return does not allow to predict future return, adding the lagged order flow as 
explanatory variable. In the stock market, the authors find that the order flow has an 
impact on future market return over a short horizon, then sophisticated traders react 
to order imbalances within trading day by undertaking countervailing trades exploit-
ing serial correlation of the order flow. As a result, the order flow affects market 
returns over short horizons (5 min–1 h) but not over the day. We find evidence that 
markets where cryptocurrencies are exchanged with the US dollar are strongly inef-
ficient, the others being more efficient.



521

1 3

Digital Finance (2023) 5:519–562	

We build on the fact that cryptoassets are traded in several exchanges to investigate 
the possibility that arbitrage opportunities arise by trading on different exchanges 
(the same pair of cryptoassets) or trading different pairs of cryptoassets.1 The issue 
has been already investigated by Makarov and Schoar (2020) analyzing the existence 
of arbitrage opportunities in the Bitcoin–US dollar market. They show that there are 
large deviations in Bitcoin prices across exchanges that often persist for a long time. 
However, arbitrage opportunities are limited unless different currencies are involved. 
We show that in the very short term trading activity does not close an arbitrage 
opportunity, at a high frequency there is a continuation/amplification effect. Then 
traders discover arbitrage opportunities and the market moves in the direction of clos-
ing arbitrage opportunities. Crypto-markets are homogenous on this point. However, 
arbitrage opportunities are closed more quickly in markets where Tether is involved 
rather than in markets where cryptocurrencies are exchanged with the US dollar.

These results suggest that markets where cryptoassets are exchanged with each 
other play a central role on price formation. In these markets there are sophisticated 
traders who ease the aggregation of opinions/technology shocks. Instead, there is a 
predominance of herding in markets where cryptoassets are exchanged with the US 
dollar. The result is confirmed by observing that the order flow in the latter markets 
does not seem to contain relevant pieces of information and that they are strongly 
inefficient, whereas the other markets are more efficient.

The paper is organized as follows. In Sect. 2 we describe the dataset of our anal-
ysis. In Sect.  3 we provide a statistical analysis of the order flow time series. In 
Sect.  4 we investigate market impact of order flow. In Sect.  5 we investigate effi-
ciency of crypto-markets. In Sect. 6 we analyze the profitability of arbitrage strate-
gies. In Appendix 1 we provide the list of exchanges considered in the analysis for 
each pair of cryptoassets. In Appendix 1 we describe in detail how arbitrage oppor-
tunities are constructed. In Appendix 1 we provide a table showing the autocorrela-
tion of time series.

2 � The dataset

We start defining the main quantities considered in this work: dealing with the Euro-
pean Central Bank’s definition,2 a cryptoasset is an asset recorded in digital form 
and enabled by the use of cryptography that is not and does not represent a financial 
claim on, or a liability of, any identifiable entity. In the following, we define a cryp-
tocurrency as a native blockchain cryptoasset. As an example, Ether is a cryptocur-
rency since it is the native digital asset of Ethereum (fees to use Ethereum must be 
paid in Ether), while Tether, a stablecoin, is a cryptoasset, but not a cryptocurrency, 
since it is a digital token exchanged on several blockchains, like Ethereum or Tron, 
none of them using Tether as the native digital asset. In the following we also define 

1  The presence of arbitrage opportunities has been investigated in stock markets considering dual listed 
stocks, see (Ghadhab & Hellara, 2015; De Jong et  al., 2009) and in ETF values, see (Marshall et  al., 
2013).
2  https://​www.​ecb.​europa.​eu/​paym/​intro/​mip-​online/​2019/​html/​1906_​crypto_​assets.​en.​html.

https://www.ecb.europa.eu/paym/intro/mip-online/2019/html/1906_crypto_assets.en.html
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a crypto-market as a market where a pair of cryptoassets, or one cryptoasset and a 
currency, are traded.

We focus our analysis on the period April 1, 2019–October 31, 2020, see Fig. 1 
for the US dollar price of Bitcoin during the period of analysis. The main reason for 
considering this period is that it is just before the huge surge in 2021: as crypto-mar-
kets are stable we may investigate their functioning concentrating on market impact 
and efficiency abstracting from speculative and herding phenomena that are likely to 
characterize crypto-markets afterwards.

We refer to a pair/market for the currency and asset involved, e.g., BTC-USD 
stands for the Bitcoin–US dollar pair. The BTC–USD price represents the amount of 
USD necessary to buy/sell a BTC. Each pair of currency/assets is traded in several 
exchanges. We consider markets involving currencies, cryptocurrencies, and stable-
coins. As far as currency is concerned, we only deal with the US dollar (USD). We 
consider the two most relevant cryptocurrencies by market capitalization: Bitcoin 
(BTC) and Ether (ETH). We restrict our attention to the stablecoin with the larg-
est market capitalization: Tether (USDT), a stablecoin pegged to the US dollar and 
collateralized by the US dollar itself (fiat-backed stablecoin). The choice of concen-
trating on these cryptoassets is motivated by their relevance. Bitcoin and Ether are 
the two cryptocurrencies with the largest capitalization in US dollar from Febru-
ary 2016 (few months after the launch of Ethereum) to nowadays. Trading volumes 
of markets where Tether is exchanged against major cryptocurrencies have steadily 
grown with Tether becoming the cryptoasset with the largest trading volume since 
the second quarter of 2019. Also its market capitalization increased significantly: 
during the period covered in our analysis, Tether capitalization went from 2 billion 
dollars to 16 billion. We only deal with markets where cryptoassets are traded with 

Fig. 1   Bitcoin value in USD on the period April 1, 2019–October 31, 2020
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the US dollar, the rationale of this choice is that these are the most liquid markets 
and therefore the most significant markets for our analysis. Moreover, considering 
different currencies, we should consider the exchange rate between the currencies 
complicating significantly the picture; for an analysis of arbitrage opportunities 
dealing with different currencies we refer to Makarov and Schoar (2020).

We consider markets where cryptoassets are exchanged between themselves, and 
markets where cryptoassets are exchanged with the US dollar. We end up with three 
different sets of pairs: BTC and ETH against USDT (two pairs), ETH against BTC 
(one pair), BTC, ETH, USDT against USD (three pairs), see Fig. 2. The six pairs are 
associated to twentyone exchanges, see Appendix 1 for the list of exchanges for each 
pair. Exchanges have been selected to cover at least 70% of each market accord-
ing to coinmarketcap.com data regarding the trading volume as in September 2020.3 
In Sect. 3–5 we aggregate information from all the exchanges of each market, and 
therefore we look at all the exchanges as a unique market. In Sect. 6 we deal with 
data at exchange level.

Differently from other papers on cryptocurrencies we deal with cryptocurrencies 
and stablecoins markets. The reason is that stablecoins are becoming more and more 
important, playing a relevant role on trading cryptoassets, see also the discussion 
in Barucci et al. (2022). To better understand the nexus among standard currency, 
cryptocurrencies and stablecoins we consider the following example. A person 
holding BTC on a wallet, sells them against USD in Exchange A, and uses USD to 
acquire Ether (ETH) in Exchange B. To deploy these trades, the steps could be as 
follows: the person 

1.	 sends BTC to Exchange A, and sells them against USD. Then asks Exchange A 
to transfer the acquired USD to a bank account;

2.	 transfers USD to Exchange B (via bank transfer or credit card);

Fig. 2   Pairs considered in the 
analysis

3  Only exchanges with a CoinMarketCap Confidence Indicator equal to High were considered. Coin-
MarketCap exploits a machine learning model to estimate volume of every single market pair that reports 
exchanges. Given the estimated volume, they detect an outlier if the exchange reports far higher volume 
than the model predicts, allowing to flag them accordingly to their Confidence indicator. A high confi-
dence indicator corresponds to high level of confidence in the market’s reported volume. https://​coinm​
arket​cap.​com/.

https://coinmarketcap.com/
https://coinmarketcap.com/
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3.	 acquires ETH against USD and asks Exchange B to move ETH to a wallet.

The bank transfer from Exchange A to the agent can take a significant time delay, 
and usually there are high fees. An alternative approach would be to leave a certain 
amount of USD deposited on different exchanges, to be used for trading, but this 
approach is inefficient as it requires a significant amount of USD to be allocated in 
the exchanges.

A shortcut is provided by stablecoins, tokens that have been introduced to capital-
ize the benefits of cryptocurrencies along with price stability. Exploiting stablecoins 
the transactions involved in the second example can be carried out as follows: the 
person 

1.	 sends BTC to Exchange A, and sells them against a stablecoin. Then asks 
Exchange A to move the stablecoins to a wallet;

2.	 transfers stablecoins from the wallet to Exchange B;
3.	 acquires ETH against stablecoins and asks Exchange B to move ETH to the wallet.

In this case no bank transfer is necessary.
This example highlights the relevance of stablecoins in cryptoasset markets to 

facilitate transactions of cryptoassets without involving USD, i.e., when trades only 
occur in the cryptoassets domain. Because of these features, we claim that mar-
kets involving stablecoins play a relevant role for sophisticated traders who want to 
detain cryptocurrencies for technology or liquidity reasons.

The dataset is made up of tick-by-tick trading information obtained from Kaiko.4 
We emphasize that our dataset represents the registered trading activity occurring 
in the different exchanges with synchronous trading/price observations. The data-
set captures actual trading activity and does not look at blockchain activity. On the 
importance of the right choice of the data provider and of the use of tick-by-tick 
data in cryptocurrency markets, we refer to Alexander and Dakos (2020); Manahov 
(2021); Vidal-Tomás (2021).

For each transaction, trade information includes the following items: Exchange, 
Currency/asset pair, Date (timestamp in milliseconds), Price of the transaction in the 
reference currency, Amount (quantity of the asset), Sell (True or False, referring to 
the trade direction, a trade marked as ‘true’ means that a price taker placed a market 
sell order).

We deal with outliers applying a variation of the methodology proposed in 
Brownlees and Gallo (2006). For each point-observation of the raw high frequency 
time series, we consider the interval of 60 s centered on that point and exclude it if 
the price is more than three standard deviations away from the mean of the interval. 
The observation is discarded for all time series. For all pairs except USDT-USD, 

4  Kaiko has been collecting trading information about cryptocurrencies since 2014, it provides data for 
more than 100 exchanges and more than 70 000 currency pairs. https://​www.​kaiko.​com/.

https://www.kaiko.com/
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less than 0.01% of the original sample was discarded. For USDT-USD the fraction 
was around 5%.

Prices are sampled at 1 s frequency. For each second interval, we compute the 
price as the average price of trades executed during that second, the prices are 
weighted by the volume of the corresponding trades. Starting from the price sam-
pled at 1 s frequency, we compute the one minute log-return. For each minute t, 
where there is at least one executed trade, we identify the first second within that 
minute with a transaction. We denote the price of that transaction as pt and the log-
return rt for minute t is computed as rt = log

(
pt+1

pt

)
 . If no trade is executed during 

minute t, then rt = 0.
In Table 1 we report some basic statistics on returns. Notice that the average log-

return is positive when cryptoassets are exchanged with other cryptoassets and nega-
tive when they are exchanged with the USD. Skewness is limited with the exception 
of USDT-USD and BTC-USD markets. In the latter market we observe a negative 
value showing the relevance of abrupt negative returns. Kurtosis is high in all the 
markets. Notice that the standard deviation of returns in markets involving USD is 
much higher than in the three markets involving only cryptoassets.

3 � Order flow

Our analysis is centered on the market Order Flow (OF) or market imbalance. In 
Chordia et al. (2005) three different specifications of OF are considered: the number 
of buyer-initiated less the number of seller-initiated trades, the number of buyer-
initiated shares purchased less the number of seller-initiated shares sold, the dol-
lars paid by buyer-initiators less the dollars received by seller-initiators. In what fol-
lows, we consider the OF in terms of signed volume (the second specification) as it 
is considered in other papers on cryptocurrencies, see Silantyev (2019), Lyons & 
Viswanath-Natraj (2019), while the third specification is considered in Makarov and 
Schoar (2020).5

Table 1   Statistics for 1 min log-returns

Number of samples: 833,760

Symbol Mean  Stddev Skewness  Kurtosis Min Max

BTC-USDT  9.19 × 10−7  0.0011  −  0.16  188.26 −  0.06 0.07
ETH-USDT  1.93 × 10−6  0.0013  0.05  215.49 −  0.08 0.08
ETH-BTC  9.05 × 10−8  0.0008 −  0.53  160.18 −  0.06 0.05
BTC-USD  − 5.54 × 10−5  0.0049 −  1.30 163.77 −  0.42 0.14
ETH-USD  − 6.64 × 10−5  0.0069 −  0.03  56.24 −  0.16 0.12
USDT-USD  − 2.14 × 10−6  0.0028  1.02  331.21 −  0.08 0.08

5  Silantyev (2019) compares the market impact of the OF computed from trading activity (trade flow 
imbalance) to the one proposed by Cont et al. (2013) on the order book imbalance (order flow imbal-
ance), i.e., variation in the difference of the orders on the bid and ask side of the market (best bid and 
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The order flow is computed at the one minute frequency and it is defined as the 
buyer-initiated volume minus the seller-initiated volume:

where Vi is the volume of the i-th trade and Si denotes the market side initiating the 
trade: 1 for the buyer, −1 for the seller. n denotes the number of trades in the minute. 
Some basic statistics of OF are reported in Table 2.

To investigate how OF affects market activity, in Table 3 we first provide results 
of the Ordinary Least Squares (OLS) regression of OFt on lagged return ( rt−1 ), 
lagged order flow ( OFt−1 ), and on both lagged variables ( rt−1, OFt−1) , that is

� being the error random variable.6 In the analysis, we deal with the 1, 5 and 10 min, 
hour, and daily frequency. In Table 11 of Appendix 1 we also report autocorrelations 
at different frequencies (5 min, 1 h, and 1 day, for the sake of brevity we omit the 1 
and 10 min frequency information).

Let us consider the first column for each frequency in Table  3, i.e., regression 
(1), as well as Table 11 on OF. The autoregressive component for the OF is positive 
for all the markets. The pattern with respect to the sampling frequency looks differ-
ent: as it decreases, the autoregressive coefficient decreases for BTC-USD and ETH-
USD markets and increases for BTC-USDT, ETH-USDT, ETH-BTC markets, being 

OF =

n∑

i=1

Vi ⋅ Si,

(1)OF
t
= �0 + �1OFt−1 + �

t
,

(2)OF
t
= �0 + �2rt−1 + �

t
,

(3)OF
t
= �0 + �1OFt−1 + �2rt−1 + �

t
,

Table 2   Statistics for OF at 1 min frequency

To facilitate the comparison, the order flow is evaluated in US dollars using the average daily rate. Num-
ber of samples: 833,760

Symbol Mean Stddev Skewness Kurtosis Min Max

BTC-USDT − 13829.53 63,6071.06 − 2.18 202.35 −  5.43 × 107 2.56 × 107

ETH-USDT − 7316.94 199,468.53 − 2.66 315.80 − 1.33 × 107 1.10 × 107

ETH-BTC 728.89 116,323.78 − 0.99 94.39 − 7.56 × 106 4.09 × 106

BTC-USD 8338.23 350,093.51 − 2.99 283.21 − 2.48 × 107 1.86 × 107

ETH-USD − 573.26 102,771.34 − 6.57 646.60 − 1.06 × 107 6.08 × 106

USDT-USD 216.83 42,372.78 − 7.11 1574.08 − 3.96 × 106 3.61 × 106

6  In all the regressions, all the variables are normalized and therefore the intercept is not reported.

best ask). He concludes that trade flow imbalance explains a larger fraction of price variations in the 
BTC-USD market.

Footnote 5 (continued)
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almost constant for USDT-USD. At the daily frequency it is limited and weakly or 
non statistically significant for BTC-USD and ETH-USD markets. The coefficient 
is high, positive and statistically significant at any frequency for BTC-USDT, ETH-
USDT, BTC-ETH, and USDT-USD markets. The explanatory power of the regres-
sion ( R2 ) decreases and becomes negligible as frequency decreases for the first set 
of markets and increases for the latter. Results are confirmed controlling for lagged 
return in the regression (3) (third column).

The relation between OF and lagged return, i.e., regressions (2)–(3), depends on 
the frequency and on the market. Notice that a negative coefficient would suggest 
that traders are contrarians either for liquidity or information/arbitrage arguments, 
instead a positive coefficient would suggest that traders are trend-followers either for 
the spread of information or because they are herding. We concentrate on the regres-
sion (3) (third column for each frequency) which yields a higher R2 with respect 
to the regression only involving rt−1 . In the USDT-USD market we observe a non 
statistically significant coefficient for lagged return at any frequency. The result is 
likely to be due to the features of USDT: being pegged to one USD, USDT is char-
acterized by a constant fundamental value with no dissemination of new information 
about it and therefore there is no economic rationale for traders to act as contrar-
ians/trend-followers reacting to past returns. On the possibility of trading motivated 
by arbitrage arguments (with respect to the conversion value) see Sect. 6. In BTC-
USD and ETH-USD markets we observe a positive coefficient for rt−1 up to the ten 
minute frequency, then the coefficient of the linear regression turns out to be non 
statistically significant and also the explanatory power of the regression becomes 
negligible.

Considering markets where cryptoassets are exchanged with each other, we 
observe a positive coefficient for rt−1 at high frequency up to 1 h (BTC-USDT and 
ETH-USDT) and one minute (ETH-BTC), then the coefficient becomes negative; 
coefficients are statistically significant with only few exceptions.

Results look different from what is obtained for stock exchanges. Chordia et al. 
(2002) showed that the order flow in stock exchanges is highly persistent at daily 
frequency and that investors in aggregate are contrarians: they buy after market 
declines and sell after market moves up. Chordia and Subrahmanyam (2004) pro-
vided a theoretical model replicating the above regularities considering informed 
and discretionary liquidity traders (they can split their order in different periods). 
Notice that in a cryptoasset market we cannot assume that there are informed trad-
ers, as a matter of fact it is difficult to define its fundamental value as there is no cash 
flow associated with a cryptocurrency (fiat money). The exception is provided by the 
USDT-USD market: being USDT pegged to one US dollar, its fundamental value is 
well defined and does not vary over time. In the other markets we may only assume 
that there are insiders and outsiders with different opinions on the technology.

The analysis of crypto-markets provides different results. BTC-USD and ETH-
USD markets are characterized by very short effects. The order flow is characterized 
by a strong positive autoregressive component over a short time window (up to 1 
h in our analysis) coupled with a positive effect associated with past return; over 
a longer time window (1 day) both the the autoregressive component of the order 
flow and past returns are not statistically significant. These results highlight that the 
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markets are characterized by herding effects at high frequency, confirming the anal-
ysis in Ballis and Drakos (2020); Bouri et  al. (2019); King and Koutmos (2021); 
Manahov (2021), with no evidence of countervailing-contrarian forces over the day 
as observed in stock markets. BTC-USDT, ETH-USDT and ETH-BTC markets look 
different: serial correlation of OF is positive, statistically significant and increases as 
the frequency decreases, the relation with past return shows that traders act as trend-
followers at high frequency and as contrarians at low frequency.

We interpret this evidence as showing that sophisticated traders looking at 
exploiting financial time series regularities for trading are present only in markets 
where cryptoassets are exchanged between themselves and not in markets where 
cryptoassets are exchanged with the USD. In the latter markets, traders mostly herd 
at high frequency with low persistency of order flow at lower frequencies.

These results confirm the analysis provided by Barucci et al. (2022) showing that 
markets where a cryptoasset is exchanged against the US dollar play a less signifcant 
role with respect to markets where cryptoassets are exchanged between themselves. 
The second set of markets seems to be the place where prices are formed aggre-
gating preference/technology shocks and heterogeneous opinions. In particular, the 
BTC-USDT market represents a privileged locus for price aggregation and not only 
for manipulation of BTC as shown in Griffin and Shams (2020).

4 � Market impact

We investigate price pressure in crypto-markets, i.e., the effect of the order flow 
on market return. The literature on stock exchanges has shown that the order flow 
affects the contemporaneous market return, see Chordia et  al. (2002, 2005), Cont 
et al. (2013). In Table 4 we provide results on a regression of the log-return at time t 
( rt ) on OFt , that is

 at 1, 5 and 10 min, as well as 1 h and 1 day frequency. Results are also reported in 
Fig. 3, where we plot log-return against OF together with the line obtained from the 
linear regression for two representative markets (BTC-USD and BTC-USDT) at 1, 5 
and 10 min, 1 h, and 1 frequency, see Appendix 1 for the other markets.

We observe a positive statistically significant effect in all the markets with the 
exception of USDT-USD (all frequencies) and of ETH-BTC, BTC-USD, ETH-USD 
at the daily frequency (positive but not significative).7 The results are confirmed 
looking at the coefficient of OFt in all regressions reported in Table  4 including 
OFt−1 , that is

r
t
= �0 + �1OFt

+ �
t
,

Fig. 3   Scatter plot of BTC-USD (left) and BTC-USDT (right): 1 min, 5 min, 10 min, 1 h, 1 day. x-axis: 
OF, y-axis: log-return. The straight line obtained from the linear regression is reported

▸

7  Results are also graphically illustrated in Fig. 3 and in Appendix 1, Figs. 6, 7.
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 with the exception of the regression for ETH-BTC at the daily frequency, where the 
coefficient of OFt is positive and statistically significant.

The rationale for the non statistically significant effect detected for the USDT-
USD market can be traced back to the features of USDT: being Tether a stablecoin 
pegged to the US dollar, traders do not attach any informative value to the order 
flow interpreting it as pure liquidity. Considering BTC-USD and ETH-USD mar-
kets, we observe a positive statistically significant coefficient up to 1 h, at the one 
day frequency the coefficient is not statistically significant. However, the explana-
tory power of the regression is negligible for all the frequencies.8 In particular, at the 
daily frequency we have a very low R2 and a non significative relationship. Results 
are different for BTC-USDT and ETH-USDT markets showing high explanatory 
power of the regressions.9

The literature on market impact of OF has investigated the linearity of the rela-
tion, see Cont et al. (2013), Silantyev (2019): a large OF should significantly move 
the price. Fig.  3, the pictures render a visual representation of the results of the 
regressions. The slope in case of BTC-USD is lower than in case of BTC-USDT, at 
the daily frequency the relationship for the first market is nearly flat. Moreover, in 
case of BTC-USD we have many observations with limited OF and a large (in abso-
lute value) log-return, the phenomenon is not observed in the BTC-USDT market. 
We conclude that prices also move without a significant OF in markets where cryp-
tocurrencies are exchanged with the US dollar, instead price movements are associ-
ated with a large OF in markets where cryptocurrencies are exchanged with Tether. 
As a robustness check we performed a regression eliminating observations with 
large return/small OF, results look similar to those presented above: the explanatory 
power of the OF for return in the BTC-USD and ETH-USD market increases in a 
negligible way.

Confirming the analysis in Silantyev (2019), the pictures show no clear evidence 
of nonlinearity in the relationship between OF and return. To investigate the point 
analytically, we have added a cubic term for OF in the regressions (Table 4, third 
column)

(4)r
t
= �0 + �1OFt

+ �2OFt−1 + �
t
,

r
t
= �0 + �1OFt

+ �3OF
3

t
+ �

t
.

8  Results are different from those obtained in Silantyev (2019) for the mid (bid-ask) price changes with a 
high explanatory power decreasing in the frequency.
9  The results on the market impact for the BTC-USD market are aligned with those obtained in the 
literature. Makarov and Schoar (2020) show that the common component of order flow of different 
exchanges explains a very large fraction of the common component in returns of different exchanges. 
Regressing the common component in daily returns on the contemporaneous common component in 
order flow, they compute a price impact of 9 basis points for a 1 million trade. The order flow has a 
strong explanatory power ( R2 is at 54%). Lyons and Viswanath-Natraj (2019) find lower impact for the 
US dollar price of Tether (2.5 basis points for a 1 million trade). The price impact is considerably larger 
than that observed in foreign exchange markets, see (Evans & Lyons, 2002; Berger et  al., 2008) (0.05 
basis point per 1 million trade), but is smaller than in stock markets, see (Goyenko et al., 2009).
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 It turns out that the cubic term enters with a small positive and statistically sig-
nificant coefficient at low frequencies for BTC-USDT and ETH-USDT (with an 
increase in the explanatory power, especially at the daily frequency), thus showing 
that a large OF significantly affects price movements in these markets highlighting 
that the size of the OF amplifies the price variation.

Moving back to regression (4) (Table 4, second column) we observe a negative 
coefficient for the lagged OF as in Chordia et al. (2002) for all the markets except 
USDT-USD. The coefficient is statistically significant for BTC-USD and ETH-USD 
at high frequency but the explanatory power is almost negligible. Lagged OF is sta-
tistically significant for all the frequencies for BTC-USDT, ETH-USDT and BTC-
ETH markets. As suggested in the above paper for stock exchange, see also Chordia 
and Subrahmanyam (2004) for a model, this result is consistent with the inventory 
stabilization hypothesis: sophisticated traders (insiders) have an inventory target 
for BTC, ETH, USDT and therefore the lagged imbalance is reversed and hence it 
exerts a negative effect on the contemporaneous return. It is interesting to notice that 
the phenomenon is observed only in markets where cryptoassets are exchanged with 
each other and not in markets where BTC and ETH are exchanged with the US dol-
lar. It seems that sophisticated traders mostly trade in the first set of markets with an 
inventory target, whereas, in markets where cryptocurrencies are exchanged with the 
US dollar there are outsiders who trade for other reasons.

These results confirm the heterogeneity among crypto-markets: markets where an 
asset is exchanged with the US dollar and markets where cryptoassets are exchanged 
between them. In the latter set of markets we observe a strong impact of order flow 
on market return with a nonlinear effect, moreover in these markets the dynamics 
of the order flow is consistent with the hypothesis that sophisticated traders operate 
with an inventory target. In markets where cryptoassets are exchanged with the US 
dollar the order flow does not seem to contain relevant information.

We may interpret these results as showing that in markets where only cryptoas-
sets are involved (and in particular a stablecoin) traders interpret the order flow 
as conveying market sentiment-opinions of the market or technology shocks and, 
therefore, in these markets the price moves in the direction of the order flow. This 
evidence corroborates the claim that BTC-USDT and ETH-USDT markets play a 
predominant role in aggregating preference/technology shocks and heterogeneous 
opinions while the markets where cryptoassets are exchanged against the US dollar 
play a limited role on price discovery being populated by outsiders who mostly fol-
low the flock.
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5 � Market efficiency

In this section we deal with market efficiency investigating the relation between log-
return and lagged log-return and OF, that is

 In Table 5 we provide results of the regressions. The evidence is not in favor of 
market efficiency: the coefficient associated with lagged log-return is statistically 
significant in almost all the markets at every frequency.

This result is at odds with the evidence for stock markets, where it is shown that 
the lagged log-return is not statistically significant at any frequency, that lagged OF 
has an impact on market return intraday over a short horizon, then sophisticated 
traders react to order imbalances within trading day by undertaking countervailing 
trades exploiting serial correlation of the OF, see Chordia et al. (2002, 2005).

We concentrate on all markets with the exception of USDT-USD, as it is not 
really interesting to investigate efficiency in this market being pegged to 1 US dol-
lar. The markets look different along three dimensions: sign of the coefficient of past 
return, statistical significance of the regression, and statistical significance of the 
coefficient of OFt−1 . BTC-USD and ETH-USD are characterized by a negative coef-
ficient for past return at the one minute frequency and by a positive coefficient at 
lower frequency. BTC-USDT, ETH-USDT and ETH-BTC markets are characterized 
by a positive (or non significant) coefficient at one minute frequency and mostly by a 
negative coefficient for past return at lower frequency. To provide a visual represen-
tation of the difference, in Fig. 4 we plot the log-return against lagged log-return for 
BTC-USD and BTC-USDT, along with the line corresponding to regression (5). For 
the other pairs, we refer to Figs. 8, 9 in Appendix 1. This evidence suggests that the 
first couple of markets is inefficient with the predominance of trend-follower trad-
ers during the day, instead the second set of markets is characterized by contrarian 
traders. This result corroborates the evidence on the OF in Sect. 3. Looking at the 
explanatory power of the regressions, we observe that it is negligible at a high fre-
quency but becomes very high at the daily frequency in BTC-USD and ETH-USD 
markets. Instead, in BTC-USDT, ETH-USDT and ETH-BTC markets the explana-
tory power is negligible and increases slightly at the daily frequency. As far as the 
lagged OF is concerned, looking at regression (6), we observe that its coefficient is 
statistically significant for BTC-USD and ETH-USD at any frequency (with only 
one exception). Instead, in BTC-USDT, ETH-USDT and ETH-BTC markets the 
coefficient is statistically significant only at high frequency and not at low frequency. 
In both cases, the contribution to the explanatory power is limited.

We should be cautious in interpreting these results as the explanatory power is 
very low with the only exception provided by BTC-USD and ETH-USD at daily fre-
quency. The two sets of markets seem to be inefficient but in a different way. In case 
of markets where cryptocurrencies are exchanged with the US dollar, predictability 

(5)r
t
= �0 + �1rt−1 + �

t
,

(6)
r
t
= �0 + �2OFt−1 + �

t
,

r
t
= �0 + �1rt−1 + �2OFt−1 + �

t
.
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comes from a trend component in returns which is likely to be associated with a 
herding phenomenon among traders, see Ballis and Drakos (2020), Bouri et  al. 
(2019), King & Koutmos (2021), Manahov (2021); also lagged OF has a predic-
tive power for future return. At daily horizon, predictability is high and the evidence 
is strongly against markets efficiency. Instead, in markets where cryptoassets are 
exchanged with each other, there is evidence of mean reversion and predictability is 
limited. This result may be linked to liquidity effects rather than to traders exploiting 
predictability. However, the results at a daily frequency suggest that markets where 
cryptocurrencies are exchanged with the US dollar are strongly inefficient.

6 � Arbitrage profits

The emergence of arbitrage opportunities in the BTC-USD market has been inves-
tigated in Makarov and Schoar (2020) considering different exchanges and different 
currencies, i.e., an arbitrage is obtained buying/selling BTC in different exchanges 
for different currencies. They find out that there are limited arbitrage opportunities 
in each market (exchanges per a specific currency) but significant arbitrage opportu-
nities arise by trading in different currencies. In what follows, we apply their meth-
odology as it is described in Appendix 1. We define an arbitrage strategy as a couple 
of trades that can be implemented in a market buying and selling the cryptoassets 
contemporaneously (same second as a time stamp) with no inventory risk. For 
example an arbitrage strategy in the BTC-USD market is built acquiring BTC (with 
USD) in an exchange and immediately reselling them in another exchange obtain-
ing a positive net amount of USD. To implement this strategy, the price of the first 
transaction should be lower than the one of the second transaction yielding an arbi-
trage spread ( sARBITRAGE , see Eq. (7) in Appendix 1). The profit of the arbitrage strat-
egy ( pARBITRAGE , see Eq. (8)) is obtained by multiplying the spread for the minimum 
between the quantity available for trade on the bid and on the ask side.

Table  6 provides summary statistics for the arbitrage strategy. Confirming the 
analysis in Makarov and Schoar (2020), the money value of arbitrage opportuni-
ties (arbitrage) is rather limited. The rank of arbitrage profits presents on top BTC-
USDT, ETH-USDT and BTC-USD markets, the market with the smallest amount 
of arbitrage profit is the one for USDT-USD. We decompose arbitrage profits in the 
average arbitrage size (spread) and the fraction of seconds in the sample with an 
arbitrage opportunity (opp_perc). The first measure is about the size of the arbi-
trage when it materializes, the second one about its frequency. The average arbitrage 
size is high in markets where BTC, ETH and USDT are exchanged with the USD, 
but in these markets there are few seconds with arbitrage opportunities. Instead, the 
frequency of arbitrage opportunities is high in markets where BTC and ETH are 
exchanged with the USDT but in these markets the average arbitrage spread is lim-
ited. Notice that there is a weak connection between the size of the arbitrage oppor-
tunity, its frequency and the number of exchanges in which the pair is traded.

Fig. 4   Scatter plot of BTC-USD (left) and BTC-USDT (right): 1 min, 5 min, 10 min, 1 h, 1 day. x-axis: 
lagged log-return, y-axis: log-return. The straight line obtained from the linear regression is reported

▸
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Most exchanges have a taker fee of 0.10%.10 In the last column of Table 6 we 
report arbitrage profits net of transaction costs. High fees may render unprofitable 
arbitrage opportunities. This occurs in case of the pair with highest arbitrage profits 
(BTC-USDT). We can conclude that arbitrage strategies between USDT and cryp-
tocurrencies are non-profitable. Instead, arbitrage strategies centered on USD (BTC-
USD, ETH-USD) are profitable net of transaction costs. The outcome is due to the 
fact that latter markets are characterized by higher arbitrage spreads.

We have extended the analysis to arbitrage opportunities that can arise when three 
markets are involved, considering a cryptocurrency, Tether and the US dollar, see 
Fig. 5 in Appendix 1 for a graphical illustration. Table 7 provides summary statistics 
for the buy and sell arbitrage strategies: considering a triangulation, a buy arbitrage 
strategy consists in buying Tether through the BTC or ETH markets, and selling 
them in the Tether market against USD; a sell arbitrage strategy goes in the opposite 
direction, see Appendix 1 for details. We observe that the size of arbitrage profits is 
rather limited. Arbitrage profits net of fees are null in most of the cases. Because of 
the limited size of the arbitrage we omit further analysis.

Table 6   Arbitrage summary statistics trading in a single pair

Trading volume (volume) is the mean daily trading volume expressed in USD; arbitrage represents the 
total profits in USD generated by trading exploiting arbitrage opportunities (sum of p

ARBITRAGE
 ); arbitrage 

opportunity (opp) is the number of 1 s intervals with a strictly positive arbitrage opportunity; opp_perc 
is the percentage of seconds with a strictly positive arbitrage opportunity; spread provides the size of 
the arbitrage opportunity averaging for each 1 s interval with a strictly positive arbitrage opportunity 
( s

ARBITRAGE
> 0 ), the spread is computed in basis points with respect to the corresponding bid-ask mid 

price. We also report the number of exchanges for each pair (see Appendix 1), and the arbitrage profit net 
of transaction costs ( net_profits)

Market Volume Arbitrage Opp Opp_perc 
(%)

Spread #exchanges Net profits

BTC-USDT 1.87 × 109 6.20 × 106 9,725,039 20.84% 4.73 7 0.00
ETH-USDT 4.79 × 108 2.28 × 106 6,129,799 13.14% 4.64 6 0.00
ETH-BTC 2.58 × 108 3.22 × 105 2,206,479 4.73% 5.70 15 0.00
BTC-USD 3.71 × 108 2.86 × 106 953,282 2.04% 26.05 10 665464.04
ETH-USD 9.57 × 107 5.63 × 105 220,560 0.47% 41.75 10 293533.80
USDT-USD 1.24 × 107 6.82 × 103 6034 0.01% 19.96 2 0.00

10  Crypto exchanges adopt a maker-taker fee schedule based on the rolling 30-day cumulative trading 
volume. The majority of exchanges apply the same schedule to all pairs. Some of them differentiate 
among pairs. The maker fee is equal or less than the taker fee in order to incentivize traders to provide 
liquidity. Both fees decrease in trading volume. The maker fee is paid by the trader posting the quote to 
the order book while the taker fee is paid by the trader filling the quote and initiating the trade. For the 
pairs considered in Table 6, we have collected the current taker fees for the first level of the schedules of 
all exchanges trading the corresponding pair. In this way we are using the highest possible fee for execut-
ing the trades and thus we are conservative in profit estimates (likely actual fees were lower). Unfortu-
nately, we do not have access to the historical fee schedules during our period of analysis. Nevertheless, 
the current fee levels are representative of transaction costs during the sample. Table 10 in Appendix 1 
shows the fees for the different pairs.
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We investigate efficiency in crypto-markets by looking at the relationship between 
the size of the arbitrage spread and market activity: trading volume and the absolute 
value of OF. If markets are efficient, we expect market activity to close arbitrage 
opportunities. Notice that the arbitrage spread is positive or null and therefore we 
provide censored regressions. For the USDT-USD market, given that the arbitrage 
spread is different from zero only on 0.01% of the seconds, see Table 6, we substi-
tute the arbitrage spread with the price parity, i.e., the distance of the value in USD 
of Tether from 1 USD. We control for the lagged level of the arbitrage spread, and 
therefore our regression looks at the arbitrage spread variation.

There are few papers dealing with the relation between arbitrage opportunities 
and market activity in stock exchange markets,11 in our analysis we deal with the fol-
lowing censored regressions

V denoting the volume. In Chordia et al. (2002), the authors analyze the relationship 
between the absolute value of OF and variations in bid-ask spread (liquidity). They 
find that higher bid-ask spreads, and therefore lower arbitrage spreads, occur when 
orders are more unbalanced in both directions. Building on this result, we claim that 
|OF| should negatively affect the arbitrage size: order imbalance in either direction 
should close the arbitrage opportunities. Results reported in the left part of Table 8 
show that this is not the case in crypto-markets: a significant order imbalance (from 
the buy and sell side) leads to a larger arbitrage spread. A similar result holds true 
for trading volume, see the right part of Table 8. Only in case of USDT-USD at a 
daily frequency the variables are not statistically significant (also USDT-USD at one 
minute frequency for |OF|).

s
ARBITRAGE t

= �0 + �1sARBITRAGE t−1 + �2|OFt
| + �

t
,

s
ARBITRAGE t

= �0 + �1sARBITRAGE t−1 + �2Vt
+ �

t
,

11  The paper closest to our in the spirit is Roll et al. (2007). They show that liquidity (computed as bid-
ask spread) enhances efficiency in the future-cash pricing system reducing the futures-cash basis.

Table 7   Arbitrage summary statistics for the buy and sell arbitrage strategies, trading in three pairs

Arbitrage represents the profits in US dollars generated by trading exploiting arbitrage opportuni-
ties (summation of pj

ARBITRAGE
, j = SELL,BUY , see Eq. (11) in Appendix 1); arbitrage opportunities 

(opp) are the number of 1 s intervals with a strictly positive arbitrage opportunity; spread provides 
the size of the arbitrage opportunity for each 1 s interval with a strictly positive arbitrage opportunity 
( sj

ARBITRAGE
> 0, j = SELL,BUY, see Eqs. (9)–(10) in Appendix 1), the spread is computed in basis points 

with the respect to the corresponding bid-ask mid price

Markets Arbitrage Opp Spread

Buy
BTC-USDT, BTC-USD, USDT-USD 262,706.85 219,367 27.69
ETH-USDT, ETH-USD, USDT-USD 162,793.55 135,006 30.87
Sell
BTC-USDT, BTC-USD, USDT-USD 362,011.00 349,797 21.43
ETH-USDT, ETH-USD, USDT-USD 167,245.30 224,373 29.40
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Results change when the the arbitrage spread is regressed on OF, that is

 see the left part of Table 9. If there is a strong activity from the buy side compared 
to the sell side, then the arbitrage spread declines. The result suggests that trad-
ers, aiming at exploiting an arbitrage opportunity, opt to buy the cryptoassets and 
then to sell rather than to do the reverse. The rationale could be that there are short 
sale constraints in the markets.12 The result holds true for all the markets depend-
ing on the frequency, except ETH-BTC which shows a statistically significant posi-
tive coefficient of OFt at every frequency. For BTC-USD, ETH-USD, BTC-USDT, 
ETH-USDT markets we observe a positive statistically significant coefficient for OFt 
at one minute, then the coefficient becomes statistically significant and negative and 
finally tends to be non significant at the daily frequency (the coefficient is still posi-
tive at 5 min for BTC-USD, while for ETH-USD is statistically significant also at 
the daily frequency). This result suggests that markets are not able to close the arbi-
trage in the short term, i.e., there is a continuation/amplification effect, then traders 
discover arbitrage opportunities and the market moves in the direction of closing 
them.13

The analysis is similar for the different markets, however the explanatory power 
of the regressions for BTC-USDT and ETH-USDT is higher than for the regres-
sions for BTC-USD and ETH-USD at high frequency. The first set of markets seems 
to close arbitrage opportunities quickly compared to the second one. The result is 
confirmed by observing that coefficient for OFt is positive also at the five minute 
frequency for BTC-USD. Once again, these results reinforce the earlier findings, 
indicating that all markets exhibit inefficiencies. However, the markets where a cryp-
toasset is exchanged with the US dollar demonstrate particularly strong inefficiency. 
As a robustness check, in the right part of Table 9 we also consider the lagged OF in 
the regression, i.e.,

 Results on the coefficient of OFt are confirmed.

s
ARBITRAGE t

= �0 + �1sARBITRAGE t−1 + �2OFt
+ �

t
,

s
ARBITRAGE t

= �0 + �1sARBITRAGE t−1 + �2OFt
+ �3OFt−1 + �

t
.

13  This result is coherent with the analysis in Marshall et al. (2013) on ETF arbitrage: order imbalance 
(absolute value) increase significantly in minutes surrounding an arbitrage opportunities with markets 
becoming more one-sided.

12  Exchanges apply different policies and different limitations for short selling and, in general, for mar-
gin trading. As examples, see https://​suppo​rt.​kraken.​com/​hc/​en-​us/​artic​les/​44025​32394​260 regarding 
limitations and https://​suppo​rt.​kraken.​com/​hc/​en-​us/​artic​les/​20458​5998-​Colla​teral-​curre​ncy regarding 
accepted collateral currencies on Kraken; Coinbase Pro started to accept margin trading only in February 
2020 https://​blog.​coinb​ase.​com/​margin-​tradi​ng-​is-​now-​avail​able-​on-​coinb​ase-​pro-​b2274​3a0e0​7b, but the 
feature was disabled in November 2020.

https://support.kraken.com/hc/en-us/articles/4402532394260
https://support.kraken.com/hc/en-us/articles/204585998-Collateral-currency
https://blog.coinbase.com/margin-trading-is-now-available-on-coinbase-pro-b22743a0e07b
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7 � Conclusions

This paper aims to investigate the microstructure of cryptoasset markets building on 
the observation that markets where cryptocurrencies are exchanged with the US dol-
lar are different from markets where cryptoassets are exchanged with each other. As 
a matter of fact, stablecoins allow traders to trade cryptocurrencies with lower costs 
compared to go through an exchange in US dollars. As a consequence, sophisticated 
traders are likely to remain inside the cryptoassets domain detaining Tether as safe 
asset rather than US dollar.

Investigating market impact and efficiency at different frequencies we have pro-
vided evidence that markets where cryptoassets are exchanged with each other play a 
central role on price formation. In these markets there are sophisticated traders who 
behave as contrarians, instead in markets where cryptoassets are exchanged with the 
US dollar there is a predominance of herding. In markets where cryptoassets are 
traded against US dollar the order flow does not seem to contain relevant pieces of 
information. Moreover, markets where cryptocurrencies are traded against the US 
dollar are strongly inefficient, whereas those where cryptoassets are exchanged with 
each other are inefficient to a less extent.

These results highlight that crypto-markets are not homogeneous. To capture the 
sentiment about cryptoassets, we should not look at markets where cryptocurrencies 
are exchanged with the US dollar, but at Tether that plays a central role in the cryp-
toasset environment. Tether–Bitcoin and Tether–Ether are the markets to look at in 
order to capture the mood about cryptoassets.

Appendix 1: Exchanges

See Table 10. 
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Table 10   The 6 pairs considered 
in the analysis with the 
corresponding exchanges

Pair Exchanges Fees (%)

ETH-BTC Binance 0.10
HitBTC 0.09
Huobi Global 0.09
YoBit 0.20
OKEx 0.10
BTC-Alpha 0.10
KuCoin 0.10
Coinbase Pro 0.10
Poloniex 0.13
Bittrex 0.10
Bitfinex 0.10
Bibox 0.10
BeQuant 0.10
BigONE 0.06
Kraken 0.09

BTC-USD Coinbase Pro 0.10
Bitstamp 0.10
Kraken 0.09
Bitfinex 0.10
FTX 0.20
Gemini 0.20
BTC-Alpha 0.10
OKCoin 0.10
HitBTC 0.09
Huobi Global 0.09

ETH-USD Coinbase Pro 0.10
Bitstamp 0.10
Kraken 0.09
Bitfinex 0.10
FTX 0.20
Gemini 0.20
BTC-Alpha 0.10
OKCoin 0.10
HitBTC 0.09
YoBit 0.20

BTC-USDT Binance 0.10
OKEx 0.10
Huobi Global 0.09
BeQuant 0.10
Bibox 0.10
BigONE 0.06
KuCoin 0.10
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Appendix 2: Arbitrage opportunities

In what follows we show how to compute arbitrage opportunities in the markets. The 
analysis is similar to the one developed in Makarov and Schoar (2020).

First of all, we consider arbitrage opportunities built trading a single pair across 
different exchanges. We refer to a 1 s time interval. For each 1 s time interval we 
proceed as follows: 

1.	 For each exchange x, we calculate PBID

x
 as the size-weighted average of buyer-

initiated trades. Analogously, we calculate PASK

x
 as the size-weighted average of 

seller-initiated trades. We keep track of the volume associated to each price.
2.	 We calculate PASK ∶= minx P

ASK

x
 and PBID ∶= maxx P

BID

x
 , i.e., the best ask and the 

best bid price across all the exchanges. We keep track of the exchange and volume 
associated to PASK, PBID.

3.	 For each interval, we calculate the arbitrage spread as 

4.	 If it is not possible to compute one of the two values, then we set the arbitrage 
spread to zero.

5.	 We compute the arbitrage profit pARBITRAGE as 

 where Vol (P) denotes the volume associated to price P. We observe that the 
arbitrage profit is denominated in the reference currency.

pARBITRAGE represents an estimate of the profits that can be obtained in the market 
exploiting arbitrage opportunities. It is an estimate from below as we match only 
the best bid and the best ask offer. For example, if we have the following order book 
(PBID,Vol(PBID)) = (2, 10) , (PASK,Vol(PASK)) = {(1, 4), (1.2, 6)} , being the best ask 
price 1, we estimate the arbitrage profits as (2 − 1) ⋅min [4, 10] = 4 , however the 
real arbitrage could be 4 ⋅ (2 − 1) + 6 ⋅ (2 − 1.2) exploiting all the order book.

(7)sARBITRAGE ∶= (PBID − PASK)+.

(8)pARBITRAGE ∶= sARBITRAGE ⋅min
[
Vol (PBID), Vol (PASK)

]
,

Table 10   (continued) Pair Exchanges Fees (%)

ETH-USDT Binance 0.10

CoinEX 0.20

OKEx 0.10

Huobi Global 0.09

BigONE 0.06

KuCoin 0.10
USDT-USD Kraken 0.09

Bitfinex 0.10

In the last column we report the highest taker fees
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We extend the approach to arbitrage opportunities that can arise when three mar-
kets are involved. Figure  5 shows the triangulation for BTC-USDT-USD. Three 
markets are involved by the trading strategy: BTC-USDT, BTC-USD, and USDT-
USD. To quantify the profits of an arbitrage opportunity we proceed as follows for 
each 1 s time interval: 

1.	 for BTC-USDT, we calculate PASK

BTC-USDT
∶= minx P

ASK

x
 , i.e., the best price to buy 

BTC with USDT.
2.	 For BTC-USD, we calculate PBID

BTC-USD
∶= maxx P

BID

x
 , i.e., the best price to sell 

BTC for USD.
3.	 For USDT-USD and for each time interval, we calculate PASK

USDT-USD
∶= minx P

ASK

x
 , 

i.e., the best price to buy USDT with USD.
4.	 the arbitrage spread sSELL

ARBITRAGE
 is given by 

(9)sSELL
ARBITRAGE

∶=

(
PBID

BTC-USD

PASK

BTC-USDT

− PASK

USDT-USD

)+

.

Holdings in USD

BTC-USD BTC-USDT

USDT-USD

Profits in USD

buy BTC

sell BTC

sell USDT

Buy USDT through BTC markets

(a) Buy arbitrage strategy

Profits in USD

BTC-USD BTC-USDT

USDT-USD

Holdings in USD

sell BTC

buy BTC

buy USDT

Sell USDT through BTC markets

(b) Sell arbitrage strategy

Fig. 5   Triangulations Tether, Bitcoin and US Dollar
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 this arbitrage is built buying USDT with USD in the USDT-USD market and 
selling them in the BTC-USDT and BTC-USD markets.

5.	 Analogously, we define sBUY

ARBITRAGE
 as follows, 

6.	 The trading volume allowed by the arbitrage opportunity is denoted by 
volARBITRAGE . We denote by Vol (PASK

BTC-USDT
) , Vol (PBID

BTC-USD
) and Vol (PASK

USDT-USD
) 

the trading volume associated to the prices defining the above arbitrage spreads. 
So each spread (for the three markets) is associated to its trading volume. The first 
two are denominated in BTC and the last one in USDT. Denoting by PAVG

BTC-USDT
 

the size-weighted average trading price for the pair during the interval, we obtain 

 Similarly, we define 

 Notice that volj
ARBITRAGE

, j = SELL,BUY. is denominated in USDT.
7.	 The arbitrage profit in USD can be computed as 

Considering a triangulation, there are two different arbitrage opportunities: a buy 
arbitrage that consists in buying an amount of stablecoin going through the BTC or 
ETH markets, and selling it in the stablecoin market against USD; a sell arbitrage 
that goes in the opposite direction.

Appendix 3. Autocorrelations of time series

See Table 11. 

(10)sBUY

ARBITRAGE
∶=

(
PBID

USDT-USD
−

PASK

BTC-USD

PBID

BTC-USDT

)+

.

volSELLARBITRAGE = min
[

Vol (PASK
BTC-USDT) ⋅ P

AVG
BTC-USDT,

Vol (PBID
BTC-USD) ⋅ P

AVG
BTC-USDT, Vol (P

ASK
USDT-USD)

]

.

volBUY
ARBITRAGE = min

[

Vol (PBID
BTC-USDT) ⋅ P

AVG
BTC-USDT, Vol

(PASK
BTC-USD) ⋅ P

AVG
BTC-USDT, Vol (P

BID
USDT-USD)

]

.

(11)p
j

ARBITRAGE
∶= s

j

ARBITRAGE
⋅ vol

j

ARBITRAGE
, j = SELL,BUY.
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Table 11   Autocorrelations of market quantities at 5 min, 1 h and 1 day frequencies

Symbol Interval Measure t − 1 t − 2 t − 3 t − 4 t − 5

BTC-USD 5 min Order Flow 0.1960 0.0888 0.0635 0.0455 0.0385
BTC-USD 5 min Log-return 0.0489 0.0361 0.0464 0.0309 0.0259
BTC-USD 5 min Volatility 0.5175 0.4970 0.4975 0.4931 0.4828
BTC-USD 5 min Arbitrage spread 0.7516 0.5952 0.5153 0.4700 0.4444
BTC-USD 1 H Order flow 0.1393 0.0792 0.0664 0.0362 0.0371
BTC-USD 1 H Log-return 0.3002 0.3207 0.3249 0.2606 0.2913
BTC-USD 1 H Volatility 0.9009 0.8717 0.8546 0.8501 0.8364
BTC-USD 1 H Arbitrage Spread 0.6700 0.4692 0.3948 0.3094 0.2477
BTC-USD 1 D Order flow 0.0076 0.0984 0.0813 0.2003 0.0852
BTC-USD 1 D Log-return 0.7281 0.4998 0.5126 0.4766 0.4229
BTC-USD 1 D Volatility 0.9406 0.8729 0.7896 0.7130 0.6182
BTC-USD 1 D Arbitrage spread 0.5322 0.2341 0.2731 0.3363 0.2715
ETH-USD 5 min Order flow 0.1907 0.0871 0.0698 0.0384 0.0484
ETH-USD 5 min Log-return 0.0431 0.0254 0.0431 0.0273 0.0240
ETH-USD 5 min Volatility 0.6715 0.6521 0.6499 0.6458 0.6472
ETH-USD 5 min Arbitrage spread 0.6126 0.4536 0.3806 0.3393 0.3158
ETH-USD 1 H Order flow 0.1442 0.0844 0.0358 0.0433 0.0032
ETH-USD 1 H Log-return 0.2039 0.2485 0.2372 0.2359 0.2334
ETH-USD 1 H Volatility 0.9456 0.9373 0.9338 0.9292 0.9267
ETH-USD 1 H Arbitrage spread 0.5443 0.3800 0.3723 0.2497 0.1892
ETH-USD 1 D Order flow 0.0751 − 0.0124 − 0.0513 0.0257 0.0618
ETH-USD 1 D Log-return 0.6550 0.5489 0.5756 0.6851 0.5071
ETH-USD 1 D Volatility 0.9619 0.9055 0.8221 0.7359 0.6381
ETH-USD 1 D Arbitrage spread 0.5414 0.1997 0.2292 0.2290 0.1689
BTC-USDT 5 min Order flow 0.1959 0.1159 0.0947 0.0603 0.0497
BTC-USDT 5 min Log-return − 0.0210 − 0.0084 0.0115 − 0.0069 − 0.0166
BTC-USDT 5 min Volatility 0.6334 0.4367 0.3632 0.3047 0.2725
BTC-USDT 5 min Arbitrage spread 0.8490 0.7320 0.6623 0.6253 0.5829
BTC-USDT 1 H Order flow 0.2044 0.1001 0.0858 0.0778 0.0575
BTC-USDT 1 H Log-return − 0.0340 − 0.0303 0.0080 0.0296 − 0.0159
BTC-USDT 1 H Volatility 0.3986 0.2634 0.4046 0.1818 0.1584
BTC-USDT 1 H Arbitrage spread 0.6125 0.3290 0.2500 0.2095 0.1887
BTC-USDT 1 D Order flow 0.3312 0.3108 0.2613 0.3319 0.2531
BTC-USDT 1 D Log-return − 0.1407 0.0755 − 0.0841 0.0750 − 0.0019
BTC-USDT 1 D Volatility 0.5364 0.1626 0.2472 0.2101 0.1133
BTC-USDT 1 D Arbitrage spread 0.6282 0.4136 0.3642 0.3458 0.2808
ETH-USDT 5 min Order flow 0.2111 0.1321 0.1087 0.0743 0.0641
ETH-USDT 5 min Log-return − 0.0143 − 0.0167 0.0215 − 0.0200 − 0.0235
ETH-USDT 5 min Volatility 0.5709 0.3908 0.3217 0.2019 0.1962
ETH-USDT 5 min Arbitrage spread 0.8811 0.7581 0.6694 0.5972 0.5280
ETH-USDT 1 H Order flow 0.2561 0.1697 0.1693 0.1346 0.1001
ETH-USDT 1 H Log-return −0.0250 − 0.0110 0.0121 0.0140 − 0.0209
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Appendix 4. Scatter plots

See Figs. 6, 7, 8 and 9. 

Table 11   (continued)

Symbol Interval Measure t − 1 t − 2 t − 3 t − 4 t − 5

ETH-USDT 1 H Volatility 0.3691 0.2067 0.3587 0.1774 0.1367
ETH-USDT 1 H Arbitrage spread 0.5525 0.2211 0.1757 0.1542 0.1391
ETH-USDT 1 D Order flow 0.4416 0.4277 0.4052 0.4576 0.3647
ETH-USDT 1 D Log-return −0.1301 0.1014 − 0.0728 0.1286 0.0111
ETH-USDT 1D Volatility 0.5172 0.0957 0.1715 0.1776 0.0763
ETH-USDT 1 D Arbitrage spread 0.4828 0.2800 0.3067 0.2856 0.2730
ETH-BTC 5 min Order flow 0.1289 0.0778 0.0611 0.0628 0.0581
ETH-BTC 5 min Log-return − 0.0035 − 0.0195 − 0.0105 − 0.0102 − 0.0008
ETH-BTC 5 min Volatility 0.4188 0.1753 0.1563 0.1063 0.1002
ETH-BTC 5 min Arbitrage spread 0.7992 0.7044 0.6380 0.5927 0.5531
ETH-BTC 1 H Order flow 0.3312 0.3129 0.2915 0.2784 0.2884
ETH-BTC 1 H Log-return − 0.0399 − 0.0037 0.0063 − 0.0015 − 0.0106
ETH-BTC 1 H Volatility 0.3271 0.2242 0.2335 0.1536 0.1113
ETH-BTC 1 H Arbitrage spread 0.7442 0.5781 0.4729 0.4030 0.3531
ETH-BTC 1 D Order flow 0.8615 0.8074 0.7880 0.7616 0.7493
ETH-BTC 1 D Log-return 0.0859 − 0.0129 − 0.0091 − 0.0084 0.0111
ETH-BTC 1 D Volatility 0.4593 0.1147 0.1317 0.1376 0.0968
ETH-BTC 1 D Arbitrage spread 0.6462 0.3429 0.3129 0.3010 0.2818
USDT-USD 5 min Order flow 0.3451 0.1774 0.0789 0.0751 0.0621
USDT-USD 5 min Log-return − 0.0071 − 0.0004 0.0205 − 0.0189 − 0.0030
USDT-USD 5 min Volatility 0.4856 0.4696 0.4318 0.4620 0.4477
USDT-USD 5 min Arbitrage spread 0.2276 0.1638 0.1739 0.1188 0.1280
USDT-USD 1 H Order flow 0.2327 0.1115 0.0868 0.0852 0.0811
USDT-USD 1 H Log-return − 0.0010 − 0.0009 − 0.0242 0.0094 0.0972
USDT-USD 1 H Volatility 0.8044 0.7269 0.7073 0.6911 0.6763
USDT-USD 1 H Arbitrage spread 0.3277 0.1726 0.3041 0.1948 0.0510
USDT-USD 1 D Order flow 0.3330 0.2569 0.1227 0.0908 − 0.0180
USDT-USD 1 D Log-return − 0.0873 0.1393 − 0.1227 − 0.2293 − 0.0548
USDT-USD 1 D Volatility 0.8003 0.7435 0.7524 0.7334 0.5215
USDT-USD 1 D Arbitrage spread 0.4410 0.1626 0.1897 0.1241 0.0467

We consider up to 5 lags. Values in bold are not significant at the 1% level
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Fig. 6   Scatter plot of ETH-USD 
(left) and ETH-USDT (right): 
1 min, 5 min, 10 min, 1 h, 1 day. 
x-axis: OF, y-axis: log-return. 
The straight line obtained from 
the linear regression is reported
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Fig. 7   Scatter plot of ETH-BTC 
(left) and USDT-USD (right): 
1 min, 5 min, 10 min, 1 h, 1 day. 
x-axis: OF, y-axis: log-return. 
The straight line obtained from 
the linear regression is reported
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Fig. 8   Scatter plot of ETH-USD (left) and ETH-USDT (right): 1 min, 5 min, 10 min, 1 h, 1 day. x-axis: 
lagged log-return, y-axis: log-return. The straight line obtained from the linear regression is reported
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