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Abstract

:

Multifractality is a concept that helps compactly grasp the most essential features of financial dynamics. In its fully developed form, this concept applies to essentially all mature financial markets and even to more liquid cryptocurrencies traded on centralized exchanges. A new element that adds complexity to cryptocurrency markets is the possibility of decentralized trading. Based on the extracted tick-by-tick transaction data from the Universal Router contract of the Uniswap decentralized exchange, from 6 June 2023 to 30 June 2024, the present study using multifractal detrended fluctuation analysis (MFDFA) shows that even though liquidity on these new exchanges is still much lower compared to centralized exchanges, convincing traces of multifractality are already emerging in this new trading as well. The resulting multifractal spectra are, however, strongly left-side asymmetric, which indicates that this multifractality comes primarily from large fluctuations, and small ones are more of the uncorrelated noise type. What is particularly interesting here is the fact that multifractality is more developed for time series representing transaction volumes than rates of return. On the level of these larger events, a trace of multifractal cross-correlations between the two characteristics is also observed.
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1. Introduction


There are two basic types of exchanges on the cryptocurrency market: centralized (CEX) [1] and decentralized (DEX) [2,3]. CEX exchanges operate very similarly to exchanges in traditional financial markets—their main task is to act as an intermediary between buyers and sellers. The entire exchange infrastructure is completely controlled by a single entity, often a private company that decides which elements of the system are publicly available and which should be hidden from ordinary users. The main source of earnings for such exchanges is transaction fees. They are efficient, easy to use, have high liquidity, allow one to exchange fiat money for cryptocurrencies and vice versa, and have well-developed customer service. However, their very nature carries a number of threats: a potential hacker attack on the exchange or the dishonesty of its owners may result in a complete loss of funds by its customers [4,5,6]. For this reason, these exchanges often require their users to complete KYC/AML procedures [7]. Currently, the most popular exchanges of this type are Binance, Coinbase Exchange, Kraken, Bybit, Kucoin, OKX, and Bitstamp [8].



In turn, DEX exchanges enable trading without the participation of intermediaries. Their architecture is significantly different from that of centralized exchanges because the entire infrastructure is controlled by the community. A front-end server is usually open-source code that can be run by anyone. The contract code is fully available for viewing as well. DEX trading is based on Decentralized Finance (DeFi)—smart contracts, which are computer programs that are executed without human supervision on a blockchain network like, e.g., Ethereum, which is the most popular one, by using cryptographically signed transactions [9]. They are concluded only when both parties consent and meet the requirements specified in the contract. Thanks to smart contracts on DEX exchanges, users can trade cryptocurrencies, make loans, and multiply funds through crypto deposits, among others. The advantage of DEX-type exchanges is also the possibility to trade a larger number of tokens, including less popular ones, that are not available on CEX-type exchanges. The decentralized cryptocurrency exchanges are characterized by a high degree of anonymity because implementing the KYC/AML verification is impossible due to the distributed architecture. Their biggest disadvantages include conscious or unconscious errors, exposure to attacks on smart contracts, the lack of customer support, difficult operation, and often low liquidity and a low trading volume on trading pairs [2,3,10]. The most popular DEX exchanges in 2024 include Uniswap, Radydium, Curve, PancakeSwap, SushiSwap dYdX, Balancer, Orca, and Jupiter [11]. In addition to Ethereum, currently popular platforms supporting the operation of smart contracts and DEX are Solana, Tron, BNB Chain, Arbitrum, Base, Avalanche, Sui, Polygon, and Optimism [12].



A key component of the architecture of decentralized cryptocurrency exchanges is the pricing mechanism, based on which three types of DEXs can be distinguished [13]:




	(1)

	
The Automated Market Makers (AMMs), whose task is to determine the appropriate price of assets, are based on smart contracts and liquidity pools (see below) [2,14,15]. They are currently the most popular ones.




	(2)

	
The exchanges using order books do not have liquidity pools and, in order to determine the price of assets, the traders’ orders are matched directly like on the traditional exchanges [16]. There are two types of ledgers: the on-chain one that uses blockchain to process data and the off-chain one that uses solutions based on centralization to process transactions [17]. However, both types use blockchain networks to store data.




	(3)

	
The DEX aggregators, in which the pricing mechanism involves aggregating asset liquidity from many different protocols [18]. Data from many exchanges are concentrated in one place, which allows users to conduct much more profitable trading operations. These exchanges mainly focus on solving the biggest problems of DEXs, which include low liquidity, inflated cryptocurrency trading prices, long waiting times for the execution of transactions at the price specified by a user, and high prices for service fees.









Liquidity pools are used only in the exchanges based on the AMM protocol [14,15]. They are a set of funds (DeFi tokens) locked in a smart contract. They are obtained from liquidity providers (i.e., people who deposit their own funds into a pool to enable others to trade) and used by the contract to support decentralized trading. The reward for providing liquidity is receiving remuneration, most often in the form of tokens of a given pool. The remuneration source is most often the transaction fees, which are collected from traders in a given pool.



There are numerous studies that analyzed CEX trading properties [19,20,21]. In particular, the microstructure of the market [22], the use of machine learning in trading [23], the role of Binance exchange in volatility transmission [24], and the impact of BTC future contracts on the market [25] were studied. Exchange rates on CEX were analyzed from many perspectives [26], including noise occurrence [27], optimal trading strategies [28], and portfolio construction [29,30]. A multifractal detrended fluctuation analysis (MFDFA) was also applied to study BTC [31,32,33,34] and ETH [35,36,37,38] price changes on CEX exchanges. On the other hand, there is a limited amount of such studies for DEX exchanges. There are articles that analyze trading properties from the technical point of view [39,40,41], wash trading occurrences [42,43,44], and arbitrage and maximal extractable value (MEV) possibilities [45,46,47,48], but there are almost none that analyze the price and volume fluctuation characteristics on DEX, probably due to the decentralized character of the data. This article covers this unexplored area by systematically analyzing price change properties on DEX exchanges by advanced methods like MFDFA.



To achieve our research goal, this study focuses on transaction data extracted from the Universal Router contract [49] of the Uniswap DEX [50], which is currently the largest DEX exchange in terms of trading volume and number of available tokens [8]. It is an automated liquidity protocol based on the AMM. Originally, Uniswap operated only on the Ethereum network, but currently, it also operates on Arbitrum, Optimism, Polygon, Base, BNB Chain, Avalanche, Celo, Blast, ZKsync, and Zora [51]. Despite operating on many networks, the exchange is mainly associated with the Ethereum blockchain, and most of its community is concentrated there. Until April 2024, there were four versions of the exchange: Uniswap v1, Uniswap v2 [52], Uniswap v3 [53], and the developer version of Uniswap v4 (the full rollout of v4 has been scheduled to take place in the third quarter of 2024) [54].



There are two basic types of contracts on Uniswap: (1) Factory contracts—the so-called base contracts, on top of which other contracts that support the exchange of specific tokens are created. The contract task is also to manage the mapping between the contract address of a given token and the address of its exchange contract. (2) Exchange contracts executing the exchange of a token—these are contracts that exchange the token assigned to them [55].



To enable transactions on a given token, it is necessary to perform the following steps: (1) the contract representing a given token must be implemented on the Ethereum network, (2) a trade contract for a given token on the Uniswap exchange has to be created through the Factory contract, and (3) this dedicated contract can be used to execute its exchange transactions. In the first version of the exchange, the possibility of creating the token pools was limited as it was possible to create exchange pairs only for the native cryptocurrency Ether (ETH). Currently, however, there are contracts that enable the creation of pools that carry out, for example, a direct exchange of two ERC-20 tokens [56].



The Universal Router contract [49] is currently one of the most important contracts on Uniswap. Within a single transaction on the network, this contract can support multiple exchanges of ERC-20 tokens on Uniswap v2 and v3, as well as the trading of NFT tokens in multiple markets. The mechanism of combining multiple operations into one transaction offers exchange users great flexibility. It allows one, among other things, to optimize token exchange costs—instead of exchanging funds using one low-liquidity pool, a user can, for example, exchange part of their funds on Uniswap v2 and part on Uniswap v3, thus avoiding an unfavorable exchange rate.



The main research question of this article is to investigate to what extent, despite the existing differences in trading methods, the fluctuation characteristics on the most liquid DEX exchange, Uniswap, are similar to those observed on Binance, which is currently the largest CEX exchange. In Section 2.1, the characteristics of the log returns and volume distributions will be compared. The next step will be to check the existence of long-range correlations in the time series of interest rates and volume, which will allow for a comparison of the characteristics of multifractal patterns in time series from both types of exchanges in Section 3.1. Finally, the multifractal properties of the correlation between volatility and volume will be investigated in Section 3.2.




2. Data and Methodology


2.1. Data Specification


In this study, transactions executed via the Uniswap Universal Router in the most liquid pools are analyzed, specifically ETH/USDT on Uniswap version 2 (USDT Uv2), ETH/USDT on Uniswap v3 with 0.3% commission (USDT Uv3_0.3), ETH/USDT on Uniswap v3 with 0.05% commission (USDT Uv3_0.05), ETH/USDC on Uniswap v2 (USDC Uv2), ETH/USDC on Uniswap v3 with 0.3% commission (USDC Uv3_0.3), and ETH/USDC on Uniswap v3 with 0.05% commission (USDC Uv3_0.05) [57]. The tick-by-tick transaction data cover the period from 6 June 2023 to 30 June 2024. For Uniswap v3 pools, the percentage indicates the fee for the respective pool, whereas for Uniswap v2, the fee is consistently 0.3%. Uniswap versions 2 and 3 also differ in trading mechanisms. Uniswap v3 introduces concentrated liquidity, allowing liquidity providers to specify the price range within which they provide liquidity [53]. As a result, each liquidity position may be different and is represented by an NFT token [58]. Version 3 also includes range orders, enabling orders to be placed within a custom price range above or below the current pool price [53]. This mechanism can result in transactions with very low volumes and prices that deviate significantly from those on other exchanges. As such, transactions with volumes below 0.01 USD were excluded from the dataset.



The distinction between liquidity pools with varying commission rates is evident in the distribution of log returns, measured at the highest sampling frequency,   Δ t = 12   s, which corresponds to Ethereum’s block validation time [59]. Figure 1 demonstrates that, in addition to the usual concentration of log returns around zero, common in financial time series [60,61,62,63], notable values of    R  Δ t = 12  s   = 0.006   and    R  Δ t = 12  s   = 0.001   appear for pools with 0.3% (Uv2 and Uv3) and 0.05% (Uv3) commissions, respectively. This can be attributed to the smallest possible price change (twice the commission rate) at which arbitrage transactions (buying and selling) are profitable [45].



To benchmark the time series characteristics from the decentralized exchange Uniswap, exchange rates for ETH/USDT and ETH/USDC from the most liquid centralized exchange, Binance [64], were also included in the dataset.



The basic characteristics of the time series analyzed in this study are presented in Table 1. Notably, the average transaction volume   〈 V 〉   is higher on Uniswap than on Binance. Additionally, the maximum observed transaction volume   V max   is comparable between the two exchanges. However, the average volume over 5 min intervals   〈  V  Δ t = 5  min   〉   is significantly higher for the ETH/USDT exchange rate on Binance. This difference can be attributed to the lower number of transactions N on Uniswap compared to Binance. Another important observation is that Uniswap has a significantly lower trading frequency, with the lowest time between transactions   δ t = 45   s on USDT Uv2 compared to   δ t = 0.11   s for USDT on Binance.



To ensure the analysis remains comparable and to avoid an excessive number of zero returns that could distort a more advanced multifractal analysis, the tick-by-tick data were aggregated into a 5 min time series. Additionally, due to the significantly longer inter-transaction time for Uv3 with a 0.3% commission (   δ t > 200  s  ), the time series from these liquidity pools were combined with those from Uv3 with a 0.05% commission. Following this procedure, 6 time series of log returns   R  Δ t =  5  min     and volume   V  Δ t =  5  min     were obtained for ETH in USDT and USDC on Uniswap v2, Uniswap v3, and Binance: USDT Uv3, USDT Uv2, USDC Uv3, USDC Uv2, USDT Binance, and USDC Binance. Figure 2 presents the complementary cumulative distribution functions (CCDFs) of these time series.



It is a well-established stylized fact that return distributions in financial time series exhibit fat tails [65,66,67]. This has been documented many times for stock markets [60,61,68], Forex [63,69], cryptocurrencies [70,71] and even for the most liquid NFT collections [72,73,74]. The heavy tails typically manifest as a power-law decay in the complementary cumulative distribution function (CCDF), expressed as   P  ( X > σ )  ∼  σ  − γ    , where  σ  represents the estimated standard deviation. For high-frequency data, the power-law exponent often approaches a value of 3, i.e.,   γ ≈ 3   [75]. This so-called inverse cubic power law for return distributions has been observed not only in traditional financial markets [61,62,76] but also in the cryptocurrency market [77,78,79].



As shown in Figure 2a, this pattern is also evident in the normalized absolute log returns on the decentralized Uniswap exchange. Interestingly, the tails are fatter, and thus the value of  γ  is lower for Uniswap v3 compared to Uniswap v2. This can be attributed to the more flexible trading mechanism in Uniswap v3, which allows users to set orders within a custom price range above or below the current price. Combined with the ability to provide concentrated liquidity, this results in trades occurring at prices significantly different from those on other exchanges, as observed on 12 March 2024 in the Uv3 ETH/USDT liquidity pool, where the exchange rate reached approximately 4800 [80]. The  γ  exponent values for Binance exchange rates fall between those observed for the two Uniswap versions.



Another well-known stylized fact that is observed in mature financial markets is that the volume distributions often exhibit fatter tails than the return distributions [81,82]. In the stock markets, a simple relationship has been proposed between the exponents for volume and log returns, where    γ V  =  γ R  / 2   [83,84]. However, this relationship is more sophisticated for the cryptocurrencies [85,86], where the CCDFs of the normalized volume for the most liquid cryptocurrencies like BTC and ETH are better described by a stretched exponential function   f  ( x )  ∼ exp  (  x β  )    [87]. This finding is supported by the more recent data analyzed in this study. For the CCDF of the normalized volume of the most liquid pair on Binance, ETH/USDT, the best fit is   β ≈ 0.48   (see Figure 2b). A slightly fatter tail, and thus a lower  β , is observed for ETH/USDC on Binance.



The observed trend of thicker tails for Uniswap v3 compared to Uniswap v2, as seen in the normalized absolute log returns, also holds for the CCDFs of the normalized volume, as shown in Figure 2b. The heaviest tail, characterized by a power-law decay, is seen in the ETH/USDT pair traded on Uniswap v3, with   γ ≈ 1.95  . The second heaviest tail is also found for ETH/USDC on Uniswap v3, though its best fit is a stretched exponential function with   β ≈ 0.3  . In contrast, the CCDFs of the normalized volume for ETH/USDT and ETH/USDC traded on Uniswap v2 show thinner tails, with the best fit being   β ≈ 0.49  .



A more detailed examination of the relationship between price and volume on decentralized exchanges, particularly the concept of price impact [88,89], will be explored in a separate, more specialized article.



The measure used to identify linear correlations in a time series is the autocorrelation function (ACF), defined as


  A  ( x , Δ i )  =    1 / T  ∑  i = 1  T   x  ( i )  −   〈 x  ( i )  〉  i    x  ( i + Δ i )  −   〈 x  ( i )  〉  i     σ x 2    ,  



(1)




where   σ x   is the estimated standard deviation of the time series   x ( i )  ,   〈 · 〉   represents the estimated mean, and   Δ i   is the time lag in terms of data points, which can be related to the time as   τ = Δ i Δ t  . For financial time series of log returns, the ACF shows a typical pattern: it quickly drops to zero when analyzing the sign of the returns [63,66] but decays slowly, following a power law, when considering the absolute values [90,91,92]. The same behavior is observed in the case of the normalized absolute log returns on Uniswap, where the ACF follows a power-law decay, as shown in Figure 3a.



The strongest autocorrelation, similar to that seen on Binance, occurs in the exchange rates traded on Uniswap v3. In contrast, the ACF of the normalized absolute log returns for Uniswap v2 is significantly weaker, with    A  r  Uv 3     ( τ = 1 )  ≈ 0.3   compared to    A  r  Uv 2     ( τ = 1 )  ≈ 0.06  .



The behavior of the ACF for the normalized volume differs from that of log returns (Figure 3b). While a power-law decay is also observed, the weakest autocorrelations are found in Uniswap v3, with    A  V  Uv 3     ( τ = 1 )  ≈ 0.25  . For Uniswap v2, the autocorrelations are slightly stronger, with    A  V  Uv 2     ( τ = 1 )  ≈ 0.35   for ETH/USDC and    A  V  Uv 2     ( τ = 1 )  ≈ 0.45   for ETH/USDT. Even for a larger  τ , the ACF in Uniswap v2 remains higher than that observed on Binance, where the largest values of the ACF occur for   τ < 20  , with    A V   ( τ = 1 )  ≈ 0.56   for ETH/USDC and    A V   ( τ = 1 )  ≈ 0.7   for ETH/USDT.



The strength and rate of decay of the ACF discussed here influence the scaling of the fluctuation functions, as temporal correlations are a key source of multifractality [93]. This topic will be explored in detail in the following sections.




2.2. Multifractal Formalism


Multifractality is a well-documented characteristic observed in financial time series [94,95,96]. It has also been reported in cryptocurrencies traded on centralized exchanges (CEX) such as Binance [97,98]. The primary objective of this article is to investigate the presence of multifractal effects in the time series of log returns and trading volume from a decentralized exchange like Uniswap and to examine whether correlations between volatility (expressed by absolute log returns) and trading volume exist and exhibit multifractality. To test these hypotheses, the multifractal cross-correlation analysis methodology (MFCCA) is applied [99]. This approach is a consistent generalization of the detrended cross-correlation analysis (DCCA) introduced by [100] and expanded by [101]. The methodology builds upon multifractal detrended fluctuation analysis [102] (MFDFA), itself an extension of the widely used detrended fluctuation analysis [103] (DFA).



The MFCCA methodology enables a quantitative assessment of both the scaling properties of individual time series and the degree of multifractal cross-correlation between any two time series. The procedure for multifractal cross-correlation analysis involves the following steps. Two time series,    { x  ( i )  }   i = 1 , … , T    and    { y  ( i )  }   i = 1 , … , T   , each of length T, are divided into   M s   segments of length s, starting from the opposite ends. The time series is then integrated and, within each segment  ν , a least-square-fitted polynomial trend is removed by using the following equations:


      X ν   ( s , i )  =  ∑  j = 1  i  x  ( ν s + j )  −  P  X , s , ν   ( m )    ( i )  ,     



(2)






      Y ν   ( s , i )  =  ∑  j = 1  i  y  ( ν s + j )  −  P  Y , s , ν   ( m )    ( i )  ,     



(3)




where   P  ( m )    represents polynomials of order m. The polynomial order of   m = 2   is chosen due to its proven efficacy in financial time series analysis [104]. Following this detrending process, a total of   2  M s    segments with detrended signals are obtained. Variance and covariance for each segment  ν  are then calculated as follows:


      f ZZ 2   ( s , ν )  =   1 s    ∑  i = 1  s    (  Z ν   ( s , i )  )  2  ,     



(4)






      f XY 2   ( s , ν )  =   1 s    ∑  i = 1  s   X ν   ( s , i )  ×  Y ν   ( s , i )  ,     



(5)




where Z represents either X or Y. These quantities are used to compute a family of fluctuation functions:


      F ZZ   ( q , s )  =     1  2  M s      ∑  ν = 0   2  M s  − 1      f ZZ 2   ( s , ν )    q / 2     1 / q   ,     



(6)






      F XY   ( q , s )  =     1  2  M s      ∑  ν = 0   2  M s  − 1   sign   f XY 2   ( s , ν )     |  f XY 2   ( s , ν )  |   q / 2     1 / q   ,     



(7)




where the sign function,   sign   f XY 2   ( s , ν )    , ensures the consistency of the results across different values of q.



Multifractal cross-correlation is expected to reveal itself through a power-law relationship in the scaling behavior of the qth-order covariance function    F  X Y    ( q , s )   . If it is negative for all s, the   −  F  X Y    ( q , s )    is taken. The following relationship is obtained:


   F  X Y    ( q , s )  ∼  s  λ ( q )   ,  



(8)




where   λ ( q )   is an exponent that quantitatively describes the fractal characteristics of the cross-correlations. In the case of monofractal cross-correlation,   λ ( q )   is independent of q, while a q-dependence of   λ ( q )   indicates the presence of multifractal cross-correlations.



  F  Z Z    describes the scaling properties of a single time series through the following relationship:


   F  Z Z    ( q , s )  ∼  s  h ( q )   ,  



(9)




where   h ( q )   represents the generalized Hurst exponent [105]. If   h ( q )   remains constant, the time series is considered monofractal, with   h ( q = 2 ) = H  , where H is the standard Hurst exponent, a measure of the persistence or memory of the time series [106]. When   h ( q )   varies with q, the series exhibits a multifractal structure. The corresponding singularity spectrum   f ( α )  , which provides further insight into the multifractal nature [107], can be computed using the following relations [102]:


  α = h  ( q )  + q    d h ( q )   d q    ,  f  ( α )  = q  ( α − h  ( q )  )  + 1 ,  



(10)




where  α  is the singularity (or Hölder) exponent and   f ( α )   is the multifractal spectrum.



This methodology also enables the introduction of the q-dependent detrended cross-correlation coefficient   ρ ( q , s )  , as proposed by [108], which filters out the strength of cross-correlations that vary with fluctuation size:


   ρ XY   ( q , s )  =     F XY   ( q , s )      F XX   ( q , s )   F YY   ( q , s )      .  



(11)




For   q = 2  , this definition can be interpreted as a detrended version of the Pearson cross-correlation coefficient C [109]. In this context, the parameter q acts as a filter: for   q < 2  , small fluctuations have more influence on   ρ ( q , s )  , while for   q > 2  , large fluctuations dominate. This allows the method to selectively emphasize different ranges of fluctuation size contributing to the observed correlations. The filtering capability of   ρ ( q , s )   offers an advantage over the conventional methods since cross-correlations in the real-world time series are typically not uniformly distributed across fluctuations of varying magnitudes [110]. Moreover,   ρ ( q , s )   can be applied to quantify cross-correlations even between the time series that do not exhibit multifractal properties.





3. Results


3.1. Multifractal Properties of Returns R and Volume V Time Series


It is shown in Figure 3 that the autocorrelation function for the absolute log return and volume time series exhibit a power-law decay. The presence of long memory, indicated by this power-law decay, is associated with the occurrence of nonlinear correlations, which are the source of multifractality in time series [93,111,112]. Therefore, multifractal effects are expected to be present in the analyzed time series. However, the individual ones differ in the strength and persistence of the autocorrelation, which impacts the fluctuation functions   F ( q , s )   calculated using Equation (6) and presented in Figure 4 for log returns and Figure 5 for volume.



For log returns, the best scaling quality was observed for the exchange rates from Binance (the upper panels in Figure 4). This result is expected, given the behavior of the ACF in Figure 3 and the significantly higher liquidity on the Binance pairs compared to the Uniswap ones. Based on the scaling range shown in Figure 4, the generalized Hurst exponent was estimated using Equation (9), with the results displayed in the inset of Figure 4 (the upper panels). The clear dependence of   h ( q )   across the full range of q indicates that the log return time series for ETH/USDT and ETH/USDC are multifractal. This finding aligns with previous studies on older datasets for the most liquid BTC and ETH exchange rates [31,32,33,35]. The estimated Hurst exponent values,   H = h ( 2 )  , are close to 0.5, which is typical for mature financial markets [113,114,115,116,117].



A slightly weaker scaling of    F  R R    ( q , s )    is observed for log returns from Uniswap v3 (the middle panels in Figure 4). In this case,   h ( q )   is dependent on q only for   q > 0  , which corresponds to medium and large fluctuations. Combined with   H < 0.5  , this behavior suggests the characteristics typical of immature markets [118,119,120,121,122,123], where multifractality is observed primarily for large fluctuations, while small, noisy fluctuations tend to be monofractal.



For the log return time series from Uniswap v2 (the middle panels in Figure 4), the scaling quality is so poor that it is not possible to clearly determine the Hurst exponent due to the presence of two distinct scaling regimes in the fluctuation function. This behavior is directly linked to the very weak autocorrelations observed in Figure 3. A potential reason for the weak autocorrelations and poor scaling of fluctuations in the Uniswap v2 log returns could be the trading mechanism, which does not allow setting orders at arbitrary prices in advance. Instead, trading is only possible by submitting a request to the pool at the current price [52].



The scaling quality of the fluctuation functions is better in the case of the volume time series. As is seen in Figure 5, the scaling of    F  V V    ( q , s )    is sufficient to determine   h ( q )   for all the time series analyzed. Unlike the log returns, there is no significant difference between the    F  V V    ( q , s )    scaling for volume from Binance and both versions of Uniswap. Interestingly, the Hurst exponent for volume is higher for Uniswap v2 (   H ≈ 0.86  ) compared to Uniswap v3 (   H ≈ 0.72  ), which is consistent with the stronger autocorrelations observed for Uv2 in Figure 3.



A natural feature of the volume time series is the higher Hurst exponent compared to log returns because volume is unsigned. The insets of Figure 5 show that the dependence of   h ( q )   on q is evident for all the volume time series, which indicates their multifractal nature. This dependence is particularly pronounced for   q > 0  , highlighting a more developed multifractality in large fluctuations of the volume time series.



This behavior of   h ( q )   is directly reflected in the multifractal spectra shown in Figure 6, which are derived by using Equation (10). In most cases, a left-sided asymmetry of   f ( α )   is observed, with the left arm stretched relative to the right one. This suggests a richer multifractality in the large fluctuations. Such a left-sided asymmetry in the singularity spectrum is commonly seen in financial time series, where small fluctuations often represent noise, while medium and large ones convey meaningful information [77,95,124].



For log returns (Figure 6, left side), the most developed multifractal spectrum is observed for time series from Binance, which confirms previous findings [26,98]. In the case of Uniswap v3 log returns, only the left arm of the spectrum is present, and it is shorter than that of Binance, indicating that only large fluctuations exhibit multifractality. For Uniswap v2 log returns, the multifractal spectrum could not be determined due to the poor scaling of the fluctuation function    F  R R    ( q , s )   . This suggests that Uniswap, particularly in its version 2, was not yet a mature market from a multifractal perspective. However, in version 3, which was launched later, the appearance of the left arm of the multifractal spectrum may signal a more advanced stage of market development.



Interestingly, for the volume time series (Figure 6, right panels), the longest left arm of   f ( α )   is observed for ETH/USDT from Uniswap v3. In the case of ETH/USDC on Uniswap v3, both arms are well developed. The significant stretching of the left arm for ETH/USDT on Uniswap v3 can be explained by (1) the heavy tails of the corresponding CCDF, where ETH/USDT Uv3 have the heaviest tails (Figure 2b) with   γ ≈ 1.95  , a value which causes instability in the Lévy sense, and (2) a slow convergence to the normal distribution [76]. Additionally, Uniswap v2 also displays multifractality, though   f ( α )   is narrower here than that of ETH/USDC on Uv3. The singularity spectra obtained from the Binance time series show a left-side asymmetry and are comparable to those from Uniswap v2. However, the ones for Binance are shifted to the right, indicating higher values of the Hurst exponent, as previously shown in Figure 5. The smaller differences between Binance and Uniswap in the multifractal characteristics of volume may stem from the fact that, as shown in the basic statistics in Table 1, Uniswap has a higher transaction volume per trade, despite its slower trading if compared to Binance.



To assess the statistical significance of the observed multifractal effects in the analyzed time series, two types of surrogate time series were generated: the Fourier surrogates [125] and the randomly shuffled surrogates [126]. As can be seen in the lower panels of Figure 6, the multiscale characteristics of the original time series nearly vanish when considering either of the surrogate types. In the case of the Fourier surrogates, nonlinear correlations are eliminated by randomizing the Fourier phases of the original data, leaving only linear correlations intact. As a result, the multifractal spectra   f ( α )   are narrow and shifted to the right for volume since   H > 0.5   for the original time series. For the shuffled surrogates, both the linear and nonlinear correlations are destroyed, though the log return distributions are preserved. Consequently,   f ( α )   is narrow and centered around   α = 0.5  , which corresponds to an uncorrelated time series (   H = 0.5  ). It should be noted that the slightly wider spectra for the Uv3 volume are a numerical artifact caused by the heavy tails in the corresponding CCDFs (for more details, see Refs. [76,127,128,129]).




3.2. Correlations Between Volatility   | R |   and Volume V


Another well-documented phenomenon in the mature financial markets is the correlation between volatility (the absolute log return volume [130,131,132], which has also been observed recently in the most liquid cryptocurrencies [86]). In this study, the MFCCA methodology will be applied to explore the extent to which volatility and volume are correlated on Uniswap, where the trading mechanisms differ from those on the traditional centralized exchanges. These differences in trading mechanisms have led to distortions in some of the time series characteristics discussed above.



The fluctuation functions    F  | R | V    ( q , s )   , representing correlations between volatility   | R |   and volume V, calculated by using Equation (7), are shown in Figure 7. Similar to the Binance time series (Figure 7, the top panels), Uniswap also exhibits scaling in the fluctuation functions    F  | R | V    ( q , s )    but only for   q > 0  , which means that the correlations are present mainly in the medium and large fluctuations. However, the scaling for Uniswap is poorer and begins at higher values of q (around   q = 0.6  ). This scaling allows for the estimation of  λ  using Equation (8) and its comparison with the average generalized Hurst exponents for   | R |   and V defined as    h  | R | V    ( q )  =  (  h R   ( q )  +  h V   ( q )  )  / 2   [133]—see the insets of Figure 7. The dependence of  λ  on q is evident, indicating that the correlation between volatility and volume is multifractal. However, in the case of Uniswap, the difference between   λ ( q )   and    h  | R | V    ( q )    is much larger, signaling weaker cross-correlations [134]. This is further reflected in the behavior of the detrended cross-correlation coefficient   ρ ( q , s )   (calculated by using Equation (11)), which is shown for   q = 2   in Figure 8. For   q = 2   and   s = 10  , the coefficient is significantly lower for Uniswap (   ρ ( q , s ) < 0.1  ) compared to Binance (   ρ ( q , s ) = 0.52   in the case of ETH/USDT and   ρ ( q , s ) = 0.37   in the case of ETH/USDC, particularly at small time scales. In both exchanges,   ρ ( q , s )   increases with time scale s, which is in agreement with the related phenomenon observed in the traditional financial markets [26,134,135]. However, this increase occurs more rapidly in the time series from Uniswap as   ρ ( q , s )   for Binance plateaus around   s = 400  , reaching above 0.8.



The strongest correlation in Figure 8 is observed for the most liquid ETH/USDT pair traded on Binance, while the weakest correlations are seen in Uniswap v2. This, combined with a poorer scaling of    F  | R | V    ( q , s )    for Uniswap, highlights the differences between Uniswap and Binance in terms of the volatility–volume cross-correlations. Uniswap appears to be a less developed market in this respect, possibly due to its different trading mechanisms and the fact that transactions on Uniswap occur less frequently but with higher average volumes per transaction than on Binance.





4. Conclusions


Despite the different trading mechanisms on the decentralized exchange Uniswap, many of the characteristics of log returns and volume are already similar to those observed on centralized exchanges like Binance. However, several differences remain. The log returns from Uniswap are characterized by weaker autocorrelations, especially for Uniswap version 2, which results in a lack of scaling in the fluctuation function for Uv2 and poor scaling for Uv3. In Uv3, only large fluctuations exhibit a multifractal nature. On the other hand, no significant difference is observed in the volume characteristics between Binance and Uniswap. The cross-correlations between volatility (absolute log returns) and volume are much weaker on Uniswap. These differences may reflect both the lower maturity level of Uniswap and its unique trading mechanism, where fewer transactions occur but with higher volumes. This newly emerging volatility–volume correspondence on DEX is an intriguing effect from the perspective of the functioning of the financial markets and should definitely become a subject of immediate, more specific, systematic research. The obtained results may help investors adapt their investment strategies used on more common CEX exchanges to different trading conditions and price-fluctuation properties that occur on DEX exchanges.



One of the limitations of this study is the fact that the data were obtained only from the Uniswap liquidity pools. Even though it is currently the most liquid DEX exchange, there may exist some specificities on other exchanges. From the investor and arbitrageur perspective, an interesting observation is the significantly higher occurrence of the log returns around the commission-related values. An investigation of this phenomenon on a larger number of liquidity pools and trading protocols will be carried out in the future.
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Figure 1. The probability distribution (histogram) of the exchange rates ETH/USDT and ETH/USDC log returns   R  Δ t = 12  s    on Uniswap liquidity pools—versions 2 and 3 with different trading commissions: 0.3% (USDT Uv3_0.3, USDC Uv3_03, USDT Uv2, and USDC Uv2) and 0.05% (USDT Uv3_0.05 and USDC Uv3_0.05). 
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Figure 2. Complementary cumulative distribution functions for (a) absolute log returns    |   R  Δ  t = 5  min     |    and (b) volume   V  Δ  t = 5  min     of ETH expressed in USDT and USDC on Binance and Uniswap. The estimated exponent,  γ  with standard error, is shown in the insets. 
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Figure 3. Autocorrelation function for (a) absolute log returns    |   R  Δ  t = 5  min     |    and (b) volume   V  Δ  t = 5  min     of ETH expressed in USDT and USDC on Binance and Uniswap exchanges. 
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Figure 4. Fluctuation functions    F  R R    ( q , s )    with the range of   q ∈ [ − 4 , 4 ]   (   Δ q = 0.2  ) calculated for ETH/USDT and ETH/USDC log returns   R  Δ t = 5  min    from Binance (top), Uniswap v3 (middle), and Uniswap v2 (bottom). (Main) Thick green lines represent   F ( q = 2 , s )  , from the slope of which the Hurst exponent H is estimated together with its standard error. Vertical red dashed lines indicate a scale range, where the family of    F  R R    ( q , s )    exhibits a power-law dependence for different values of q. (Insets) The generalized Hurst exponent   h ( q )   is estimated from the scaling of    F  R R    ( q , s )   . Error bars represent the standard error of linear regression. 
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Figure 5.    F  V V    ( q , s )    obtained in the same way as in Figure 4 but for volume   V  Δ t = 5  min   . 






Figure 5.    F  V V    ( q , s )    obtained in the same way as in Figure 4 but for volume   V  Δ t = 5  min   .



[image: Fractalfract 08 00652 g005]







[image: Fractalfract 08 00652 g006] 





Figure 6. Multifractal spectra   f ( α )   calculated for ETH/USDT and ETH/USDC log returns   R  Δ t = 5  min    (left panels) and volume values   V  Δ t = 5  min    (right panels) from Binance, Uniswap v3, and Uniswap v2 in the range   q ∈ [ − 4 : 4 ]   and   Δ q = 0.2  . The original time series (top) are compared with their shuffled surrogates marked with dotted lines and the Fourier surrogates marked with dashed lines (bottom). 
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Figure 7. (Main) Fluctuation functions    F  | R | V    ( q , s )    for   q > 0   with   Δ q = 0.2   calculated for volatility    |   R  Δ 5 =  5  min     |    and volume    |   V  Δ 5 =  5  min     |    representing time series from Binance (top), Uniswap version 3 (Uv3, middle), and version 2 (Uv2, bottom). (Insets) The scaling exponent   λ ( q )   (green line) and the average generalized Hurst exponent    h  | R | V    ( q )    (blue line) are estimated from the range of scales marked with the dashed lines. Error bars represent the standard error of linear regression. 
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Figure 8. The detrended cross-correlation coefficient   ρ ( q , s )  ,   q = 2  , calculated for volatility    |   R  Δ 5 =  5  min     |    and volume    |   V  Δ 5 =  5  min     |    time series of ETH/USDT and ETH/USDC traded on Binance, Uniswap version 3 (Uv3), and version 2 (Uv2). 
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Table 1. Basic statistics of the ETH exchange rate time series considered in this study: total number of transactions N, the average inter-transaction time   δ t  , the average transaction volume value per transaction   〈 V 〉  , the highest volume value   V max  , the average volume value in a measurement interval   〈  V  Δ t   〉  , and the fraction of zero log returns   % 0  R  Δ t     for   Δ t   = 5 min.
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	Name
	N
	   〈 δ t 〉    [s]
	   〈 V 〉    [USD]
	   V max    [USD]
	   〈  V  Δ t   〉    [USD]
	    % 0  R  Δ t      





	USDC Uv3_0.3
	37,457
	900.26
	9903
	2,358,376
	3298
	0.785



	USDC Uv3_0.05
	765,399
	47.01
	11,227
	7,751,943
	76,419
	0.006



	USDC Uv2
	503,569
	66.97
	1856
	1,254,394
	8310
	0.049



	USDT Uv3_0.3
	151,003
	223.33
	3390
	3,878,300
	4553
	0.388



	USDT Uv3_0.05
	704,276
	49.62
	5331
	2,875,000
	33,395
	0.009



	USDT Uv2
	748,919
	45.14
	1843
	1,084,474
	11,378
	0.028



	USDT Binance
	297,688,280
	0.11
	1185
	9,739,140
	2,955,093
	0



	USDC Binance
	10,343,176
	3.31
	73
	4,265,360
	72,643
	0.003
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