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Abstract
Initial coin offerings (ICOs) represent a novel funding mechanism where digital 
tokens are issued on the blockchain and sold to investors. One major reason for the 
success of this financing model is the fact that the issued tokens can immediately 
be traded on secondary markets. This event study analyzes 250 exchange cross-list-
ings of 135 different tokens issued through ICOs on 22 cryptocurrency exchanges. 
We find significant abnormal returns of 6.51% on the listing day and 9.97% over a 
seven-day window around the event. Further analysis shows that the results clearly 
differ for individual cryptocurrency exchanges, as listings on individual exchanges 
yield returns of up to 34% on the event day, while others are negligible. An investi-
gation of liquidity-related metrics shows that lower prior trading volume and asset 
market capitalization have positive effect on listing returns. Investors use phases of 
high market liquidity to sell off positions around the period of cross-listing events. 
The results on the cross-listing effects of ICOs may be of relevance to investors/trad-
ers, ICO projects, cryptocurrency exchanges and regulators.
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1 Introduction

Initial coin offerings (ICOs) provide ventures with an alternative tool for cor-
porate financing. Many projects have already financed themselves by selling 
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blockchain-based digital tokens that represent some form of (future) value, and 
many ICO investors have already made a fortune or total loss. One of the main 
reasons for the success of ICOs is the fact that tokens can be traded on secondary 
markets as soon as a cryptocurrency exchange agrees to list them. A special feature 
of cryptocurrency markets is that there is virtually no order routing through bro-
kers; instead, the assets are traded on a large number of different exchanges, each 
of which has its own specific characteristics and user base. It is not uncommon for 
ICO tokens to be successively cross-listed on multiple exchanges, which means that 
cross-listing events occur more frequently for tokens than for stocks. One speaks of 
a cross-listing when an asset, which is already tradable on at least one secondary 
market, is listed on another secondary market—in the case of ICOs tokens crypto-
currency exchanges. Accordingly, cross-listings never represent the first opportunity 
but a further option to trade an asset.

For stock markets, market segmentation, market liquidity, information disclosure 
and investor protection have been identified as reasons for cross-listings (Roosen-
boom and Dijk 2009). Yet stock markets are different from cryptocurrency markets. 
For example, cryptocurrencies are traded 24/7, and they are but decentralized com-
puter protocol that in theory any exchange can list without the consent of the pro-
ject itself. Some cryptocurrency exchanges are fully centralized and resemble stock 
exchanges, while other, decentralized exchanges solely operate as computer code on 
a blockchain infrastructure, allowing the users to trade peer-to-peer with each other 
(Warren and Bandeali 2017). The level of regulation and transparency also differs 
across exchanges. Some of them manipulate or inflate their own markets in order to 
signal liquidity to potential users and projects and to thereby earn more trading and 
listing fees (Alameda Research 2019; Bitwise Asset Management 2019).

The effects of cross-listings are a rather new research field for the cryptocurrency 
sector. To our knowledge, two studies have specifically analyzed such effects, but 
so far no study has focused solely on ICOs. Benedetti (2019) finds positive listing 
returns for a sample of 3,625 tokens on 108 exchanges and identifies an increase in 
trading volume and characteristics like on-blockchain transfer volumes of Ethereum-
based tokens. Ante (2019) analyzes 327 cross-listings on 22 exchanges and finds 
abnormal returns of 5.7% on the listing day and 9.2% over a 7-day event window 
around the listing. The study also finds significant differences between individual 
exchanges, as well as evidence of informed trading. For initial listing effects of ICOs, 
Benedetti and Kostovetsky (2018) find significant underpricing in a sample of ICOs, 
with abnormal buy-and-hold returns of 48% within the first 30 trading days, while 
Momtaz (2019a) finds average underpricing of 8.2% in ICO campaigns over $1 mil-
lion. Furthermore, Momtaz (2019b) identifies an average abnormal return of 14.8% 
on digital currencies within the first trading day after their initial exchange listing. 
The returns are also driven by key figures like liquidity and market capitalization.

This is the first cross-listing study to focus on ICO tokens. The goal of this article 
is to provide a fundamental scientific basis for cross-listing effects of ICO tokens. It 
shall be identified if cross-listings represent positive market (quality) signals, similar 
to traditional markets, which are expressed by abnormal returns. We aim to explore 
how ICO tokens perform in exchange cross-listings and whether specific cryptocur-
rency exchanges or liquidity-related characteristics—in line with signaling theory 
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(Spence 1973)—have any effects on listing returns. This can help to better under-
stand the efficiency of ICO token markets and to derive corresponding implications 
for theory (i.e., academic research) and practice (i.e., crypto market participants). To 
this end, we subject a data set of 250 listing events of 135 different cryptocurrencies 
issued through ICOs to an event study of abnormal returns. Potential effects of indi-
vidual exchanges are tested through sub-samples, and we build regression models of 
abnormal returns to test for any effects of liquidity metrics.

The ICO phenomenon can be contemplated from various angles, such as the per-
spective of projects seeking funding (Ante et al. 2018), investors looking for finan-
cial return (Fisch & Momtaz 2020), society benefiting from a new source of finance 
for start-ups (Fisch et al. 2020), or specific industry players, such as cryptocurrency 
exchanges (Benedetti 2019). Most of the existing studies assume the perspective of 
projects, investigating the determinants of success. The present study mostly focuses 
on the perspective of investors, whom listing returns may afford considerable (short-
term) gains. However, the analysis may also be of interest to all other involved par-
ties: (1) The projects can better understand what investors and the market look for 
and how to respond to investor expectations; (2) regulators may learn whether spe-
cific areas of the market require intervention, for instance if listings are preceded by 
significant returns, which could indicate market manipulation; (3) cryptocurrency 
exchanges may be able to identify ‘promising’ projects to list; and (4) society and 
regulators can improve their understanding of the market for ICOs and assess its (in)
efficiency.

In following section, three hypotheses are derived on the basis of literature. We 
will provide an overview of cross-listings, where stock markets have received much 
more research attention than cryptocurrencies and blockchain-based financing such 
as ICOs. In addition, special characteristics of the market for ICO tokens, crypto-
currency exchanges and liquidity metrics, to which explicit hypotheses refer, are 
explained. The review of the literature also informs our selection of variables. Sec-
tion 3 describes the data set and methods while Sect. 4 is dedicated to some descrip-
tive statistics. Section 5 presents the empirical findings, relating first to the general 
market effects of listing events and then to individual crypto exchanges and market 
characteristics. Leading up to a brief conclusion, Sect. 6 offers a discussion of the 
results, some limitations of the paper, implications and avenues for future research.

2  Related literature and research questions

2.1  Exchange (cross‑)listings

The effects of cross-listings have been studied extensively for stock markets. By 
cross-listing stocks, some companies are able to increase their valuation (Foerster 
and Karolyi 1999; Miller 1999). The price of stocks and cryptocurrencies rises in 
anticipation of cross-listings and declines after the events (Ante 2019; Dharan and 
Ikenberry 1995). According to signaling theory (Spence 1973), projects can show 
their quality by costly signals. This applies to cross-listings, which require time and 
resources, often including listing fees. Accordingly, Bris et al. (2007) conclude that 
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cross-listings constitute positive quality signals. Stocks tend to experience negative 
drifts in the days and months following the listing events (Alexander and Janakira-
manan 1988; Dharan and Ikenberry 1995; Foerster and Karolyi 1999; Howe and 
Kelm 1987). However, Miller (1999) and Jayaraman et al.(1993) fail to confirm such 
affects. For cryptocurrency cross-listings, Ante (2019) shows significant negative 
CAARs of − 1.5% over a three-day window after the event.

The literature has identified at least four major reasons to cross-list an asset: (1) 
market segmentation, (2) liquidity, (3) information disclosure and (4) investor pro-
tection (Roosenboom and Dijk 2009), each of which we will discuss in some more 
detail. First, cross-listings can reduce barriers for international investors and thus 
reduce market segmentation (Errunza and Losq 1985). Merton (1987) introduces 
the investor recognition hypothesis, which states that the arrival of new investors 
reduces the expected returns of existing investors. Motivations to cross-list include 
exposing the asset to new investors, which may reduce the cost of capital (Baker 
et al. 2002), and attracting new users or customers for the product (Bancel and Mit-
too 2001; Mittoo 1992; Pagano et  al. 2002). Ante (2019) suggests that the cryp-
tocurrency exchange market is highly segmented, due to the degree of regulation 
or organizational differences (e.g., the integration of fiat currencies versus so-called 
stablecoins that digitally represent fiat currency). Furthermore, liquidity concerns 
are a major cross-listing motivation. The introduction of new trading markets by 
means of cross-listings improves liquidity. Trading volume rises with cross-listings 
both for stocks (Foerster and Karolyi 1999) and cryptocurrencies (Benedetti 2019). 
Exposing an asset to multiple markets attracts liquidity traders who compete for 
order flow (Chowdhry and Nanda 1991). Third, information asymmetry refers to 
the situation where some parties have private information which they may exploit at 
the expense of others (Miller and Rock 1985). By disclosing additional information, 
such asymmetry can be reduced. Cantale (1996) suggests that the listing of assets in 
markets that require more comprehensive disclosure can serve as a signal of qual-
ity. Lastly, according to bonding theory (Coffee 2002), firm value increases after 
listing in a country with stronger investor protection. Results from stock and cryp-
tocurrency markets show that cross-listings have a positive effect on returns in US 
markets (Doidge et al. 2004; Ante 2019) and elsewhere (Troger 2007), which can be 
explained by higher or different regulation and thus investor protection.

Given that cross-listings lead to positive abnormal returns for stocks and cryp-
tocurrencies and can therefore be interpreted as a sign of quality, it is reasonable to 
assume that this is also the case for ICO tokens.

Hypotheses 1 Cross-listings events of ICO tokens represent quality signals that 
lead to positive abnormal returns.

2.2  Blockchain‑based financing

Blockchain technology, which enables the secure transmission of value on the 
Internet, was first introduced as the mechanism underlying the Bitcoin whitepaper 
(Nakamoto 2008). Tokens are the digital and transferable representation of values 
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on blockchains. Start-ups in the blockchain ecosystem have been using token sales 
since 2013 to raise capital by issuing tokens that provide a specific (future) value 
to investors. In ICOs, the tokens usually represent currencies or specific values that 
complement the projects’ products or services (e.g., vouchers or software licenses) 
(Ante et  al. 2018). The tokens are usually “minted” by uploading decentralized 
computer code on a blockchain infrastructure (called smart contracts, or in the 
special case of tokens: token contracts), like Ethereum. Any type of logic can be 
programmed into a token contract, including transfer restrictions or inflation. Once 
uploaded to the blockchain, the code is executed in a decentralized manner and users 
can transfer the tokens across the network (Ante 2020).

A specific form of ICOs is so-called initial exchange offerings (IEOs), where 
tokens are directly sold on a crypto exchange. IEOs gained momentum in 2019, offer-
ing several advantages over regular ICOs. First, the projects can target the existing 
and verified user base of an exchange, which promises wider distribution and lower 
marketing costs, and second, investors know that the token will be tradeable on the 
exchange after the IEO. Leading exchanges such as Binance that are associated with 
high cross-listing returns (Ante 2019) may serve as a signal of quality for investors. 
However, the signaling benefits of IEOs strongly depend on the quality of the selected 
exchange. There is clearly a risk of asymmetric information and adverse selection, 
not only between projects and investors but also between exchanges and their users.

Finally, security token offerings (STOs) are a special type of token sale where the 
tokens represent securities like stocks or bonds. Ante and Fiedler (2020) list various 
advantages of STOs over traditional securities offerings: Tokens can immediately 
be transferred and traded 24/7, clearing and settlement processes can be more effi-
cient, custody and brokers can become obsolete and the blockchain infrastructure 
offers a fully customizable level of transparency. Investors may prefer STOs because 
the level of investor protection is higher than in ICOs. The authors analyze 151 
STOs and found that cheap (to fake) signals, like social media network size or the 
stated amount of human capital, can promote funding success and can therefore be 
exploited by the projects.

While there are, as described above, a variety of different forms of blockchain-
based token funding, this study refers exclusively to ICOs and not to the specific 
subgroup of IEOs or the related group of STOs.

2.2.1  ICO destination markets

The selected exchange clearly constitutes a crucial characteristic of an ICO. Cryp-
tocurrency exchanges have been associated with market manipulation (Alameda 
Research 2019; Bitwise Asset Management 2019) and have also been hacked (Ante 
2018). Their level of regulatory oversight varies strongly, from comparatively strict 
regulation (e.g., US-based exchanges like Coinbase or Kraken) to exchanges located 
in tax havens that lack oversight or amount to nothing more than a blockchain-based 
computer protocol without an underlying legal entity. A lack of regulation opens 
the door to several types of moral hazard: (1) misbehavior by the exchanges them-
selves (e.g., inflating their trading volume), (2) exchange employees using or leaking 
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confidential information, i.e., about future token listings, and (3) ICO project teams 
using insider knowledge about future listings.

Exchanges also differ with respect to their use of fiat currencies. Only some 
exchanges offer deposits and withdrawals in fiat currencies, while others use so-
called stablecoins to mimic fiat currencies. Stablecoins are digital tokens backed 
by fiat currencies, i.e., a digital dollar is issued for every dollar in a bank account 
(Ante et al. 2020). On stablecoin exchanges, users can only trade and transfer these 
digital coins but cannot easily deposit or withdraw them from or to their personal 
bank account. This represents a market barrier but allows the exchanges to offer fiat-
like trading without the need for banking partners. Therefore, ICO projects prefer to 
be listed on exchanges that offer a fiat gateway. Ante (2019) shows that US-based 
cryptocurrency exchanges feature higher returns on cross-listings, likely due to their 
stricter regulation.

The above reasons principally suggest that ICO projects will want to cross-list 
their token as widely as possible. Yet, firstly, cross-listings usually do not come for 
free, and secondly, the choice of some exchanges, which may be weakly regulated or 
prone to manipulation, may indeed be perceived as a negative quality signal by mar-
ket participants. The size of an exchange should also make a difference. Therefore, 
we expect that the returns to cross-listing events will differ across the 22 cryptocur-
rency exchanges in our sample.

Hypotheses 2 Cross-listings lead to effects of varying strength based on the 
respective cryptocurrency exchanges they take place on.

The goal is to identify whether statistically significant differences are present on 
the basis of different exchanges. This can be a basis for future investigations, which, 
e.g., could analyze exchange-specific characteristics, such as regulatory status, juris-
diction or security mechanisms more precisely.

2.2.2  Liquidity‑related characteristics

Liquidity can be described as the ease of selling an asset. There are various rea-
sons for, or costs of, illiquidity, such as exogenous transaction costs (e.g., trading 
fees), demand pressure (e.g., availability of buyers and sellers) and counterparty 
risks (e.g., private information), all of which will have an effect on asset prices 
(Amihud et al. 2005). Several studies state that to increase liquidity is the primary 
motivation to cross-list stocks (Fanto and Karmel 1997; Mittoo 1992), and Silva and 
Chávez (2008) find that cross-listed firms have lower liquidity costs than non-cross-
listed firms. For this reason, we also expect to find effects of liquidity on cross-list-
ing returns of ICOs. In the following, various liquidity-related characteristics are 
discussed.

Market capitalization The first candidate indicator for liquidity is the market 
capitalization of cryptocurrencies. Data providers like coinmarketcap.com or 
coingecko.com rank cryptocurrencies based on their market capitalization. There-
fore, greater market capitalization affords the projects more attention. Yet market 
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capitalization as a metric is problematic as it can be inflated by only distributing a 
small share of the tokens publicly, while market data providers still calculated the 
metric based on the full share of tokens. Additionally, implied market capitaliza-
tion is only relevant if markets are liquid, which many cryptocurrency markets 
are not.

Trading volume is another potential indicator of the liquidity for cryptocurren-
cies, but it may likewise be flawed, due to manipulation on the part of the crypto-
currency exchanges (Alameda Research 2019; Bitwise Asset Management 2019). 
Ante (2019) finds that pre-listing market capitalization and trading volume, as 
well as the trading volume of the market proxy Bitcoin, affect returns from cross-
listings of cryptocurrencies. A high pre-listing trading volume could conceivably 
reduce listing returns, as the cross-listing will yield less additional liquidity.

Ratio between market capitalization and trading volume Since the trading 
volume and market capitalization of ICO tokens are not too strongly correlated 
(r = 0.67 in our sample), the ratio of the two metrics might be useful for analy-
sis. That ratio could provide an indication of undervaluation or overvaluation of 
assets. If an asset with high market capitalization has a low trading volume, this 
can be interpreted as a sign of illiquidity—the asset is potentially overvalued. On 
the other hand, it may also simply signal that there are no relevant exchanges 
on which the asset can be traded. For example, investors may not be willing to 
purchase tokens at existing exchanges due to investor protection or security con-
cerns. Low market capitalization combined with a high trading volume may indi-
cate an undervalued asset, as the cost of liquidity is low.

Reference market (Bitcoin trading volume and market capitalization) A high 
trading volume of the reference market Bitcoin can be a signal of general market 
liquidity, which could affect the returns on cross-listings in two opposite ways. 
On the one hand, active Bitcoin trading could mean that traders have little atten-
tion to spare for a cross-listing. On the other hand, high overall market liquidity 
could mean a higher inflow into a new trading pair. Bitcoin’s market capitaliza-
tion may in turn serve as a proxy for the size and/or sentiment of the overall mar-
ket. A high value may signal that cryptocurrency investors have recently achieved 
higher returns, i.e., that market sentiment is good (a bull market), which may lead 
to a higher inflow of capital for new cross-listings. However, that sentiment might 
only apply to Bitcoin, in which case other, newly listed cryptocurrencies will not 
benefit. Scientific evidence has shown co-jumping effects for Bitcoin and other 
cryptocurrencies (e.g., Bouri et al. 2020), and Bitcoin is connected to other cryp-
tocurrencies via return shocks (Ji et  al. 2019). It can therefore be expected that 
Bitcoin as the largest and most relevant cryptocurrency also has corresponding 
influences on the ICO tokens under consideration.

Based on the prior explanations, we posit that characteristics such as trading 
volume and market capitalization, as well as the reference market Bitcoin, have 
an effect on the returns on ICO cross-listings.

Hypotheses 3 Liquidity-related characteristics represent relevant factors that 
influence returns from cross-listings of ICO tokens.
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Since there are no comparable studies for cross-listing effects in cryptocurrency 
markets, this study aims to identify whether liquidity-related characteristics are gen-
erally relevant for the development of cross-listing returns. This may in turn pro-
vide a basis for future (more specific) investigations. The next section describes the 
empirical setup we use to test these expectations.

3  Data and methodology

3.1  Sample

We collected data on listing events of ICO tokens for 22 cryptocurrency exchanges, 
retaining only ICOs that had at least 31 days of trading history prior to the listing, so 
that we were able to calculate returns for the 30-day period leading up to the events. 
This requirement implies that all events are cross-listings, although the exact num-
ber of existing secondary markets where a token is already listed is unknown due to 
a lack of transparency and data availability. The listing events were captured using 
a Telegram bot (@cryptoeventbot) that connects to exchange APIs and reports new 
trading pairs, as well as through the cryptocurrency market data provider block.cc, 
which reports new token listings of cryptocurrency exchanges. In line with McWil-
liams and Siegel (1997), any events for a given ICO token with overlapping estima-
tion and/or event periods were dropped. This left 250 events referring to 135 tokens. 
For each event, we collected daily prices, trading volumes and market capitalization 
both of the token itself and of Bitcoin from coinmarketcap.com for 31 days prior to 
the exchange listing and 10 days after the event. As cryptocurrency markets operate 
24/7, we use daily close prices, which are certain to capture any listing effects on the 
particular day and are furthermore less likely to be outliers than daily highs or lows.

3.2  Event study methodology

We choose a 7-day (− 3, + 3) event window around the listing day to capture any 
effects both before and after the listing. Both subperiods will be of interest to cryp-
tocurrency traders, who may try to develop trading strategies based on the results. In 
line with Ante (2019), who notes that the high volatility of cryptocurrencies means 
that long estimation periods bear the risk of distorting market returns, we choose a 
rather short 21-day estimation window (− 30, − 10). Initially, we use two alternative 
models to calculate expected returns. First, in the constant mean return model, the 
expected return of an asset is simply equal to its mean return over the estimation 
period. Second, the market model represents an extension, as a reference market is 
additionally used to account for the effects of overall market movements. We use 
Bitcoin as the reference market, as it accounts for over half of the cryptocurrency 
market, it trades on all the exchanges covered by the sample, and its price clearly 
affects other cryptocurrencies (e.g., Burnie 2018; Gkillas et  al. 2018; Hu et  al. 
2019). Therefore, the market model is a safer basis and is used for further analysis 
in this article. By also (initially) testing the constant mean return model, we can 
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draw conclusions about the effect size of the reference market. In summary, the con-
stant mean return model computes results “only” based on the historic asset returns, 
while the market models excludes potential effects of Bitcoin (i.e., reference market) 
volatility.

Expected returns are calculated by a time series regression over the predic-
tion period (− 30, − 10) for every event i: ER

i,t = a
i
+ b

i
RBTC,t + e

i,t , where RBTC,t 
is the return of the market portfolio. When setting RBTC,t to 0, the market model 
becomes equivalent to the constant mean return model. We calculate abnor-
mal returns as AR

i,t = R
i,t − ER

i,t , i.e., as the difference between the actual return 
R
i,t and the expected return ER

i,t of an ICO token on day  t. Cumulative abnormal 
returns (CAR) are calculated as a sum of the daily ARs across the event window: 
CAR

i

(

t1, tx

)

= AR
i,t1

+…+ AR
i,tx

 . Average abnormal returns (AAR) and the cumu-
lative average abnormal return (CAAR) are obtained by averaging these metrics 
across all events. To test the results for significance, we calculate both t-statistics 
and z-statistics (nonparametric Wilcoxon test). In the following, when we speak of 
a result being significant, this means that both tests, where applicable, are passed at 
the corresponding level of significance.

3.3  Independent variables

To investigate potential effects of specific cryptocurrency exchanges, we introduce a 
set of 22 dummy variables, one for each destination market (see Table  4 in the 
appendix for the full list). Furthermore, we test the effects of the following liquidity-
related market characteristics. Asset trading volume (ATV) signifies the log of the 

average trading volume of a cryptocurrency over the estimation window: log(
t−10
∑

t−30

x

/21) where x is the asset’s trading volume. Bitcoin trading volume (BTV) is calcu-
lated analogously. Asset market capitalization (AMC) and Bitcoin market capitaliza-
tion (BMC) are similarly calculated as the logarithm of the average market capitali-
zation of the respective asset over the 21-day estimation period. Finally, AMC/ATV 
is an asset’s logged average market capitalization over the estimation period divided 
by its logged average trading volume.

4  Descriptive statistics

Figure 1 provides a timeline of ICO start dates and cross-listing events. Most ICOs 
started in the last three quarters of 2017, while the majority of listing events took 
place between Q4/17 and Q4/18.

The graph on the left-hand side of Fig. 2 shows the daily raw returns and cumu-
lated returns from 30 days before to 10 days after the cross-listing event. Prior to 
the event (− 30, − 1), the average cumulative return amounts to 21.6% (mean of 
0.72% per day). On the listing day itself (t = 0), the average raw return is 7.1%. In 
the 10-day window after the event, the average cumulative return amounts to 2.6% 
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(mean of 0.26% per day). Over the full period (− 30, + 10), the tokens experience an 
average raw return of 31.3%.

The graph on the right-hand side of Fig. 2 shows the daily change in trading vol-
ume and the cumulative gains in trading volume over the entire period. The aver-
age trading volume for the 250 observations grows continuously over the period 
(− 30, − 1) by a total of 1.396% (mean of 46.5% per day, the highest individual 
increase being 478% in t = − 2) before increasing by another 658% on average on 
the listing day. After the listing, the trading volume continues to grow at an aver-
age rate of 18% per day, resulting in a cumulative increase of 180% over the 10-day 
period after the listing. Over the full period (− 30, + 10), trading volume increases 
by 2,232% on average. The Bitcoin price rises fairly steadily over the 250 periods 
under consideration. This is a first indication that using the market model versus the 
constant mean return model will produce different results, and it also supports ten-
dency to favor the market model.
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Table  4 in the appendix shows some descriptive statistics on the independent 
variables, beginning with the 22 dummy variables for the individual exchanges. 
Accounting for 13% of the ICO cross-listing events in the data set, Binance takes the 
lead, followed by FCoin and Bitfinex with 10% each.

5  Results

The presentation of the results is structured as follows. The next subsection is dedi-
cated to results on abnormal returns across all exchanges for various time intervals. 
We investigate symmetric periods of 7, 5 and 3 days around the event (rows 1–3 in 
Table 1), individual days from t = − 3 to t = 3 (rows 4–10), pre-listing periods that 
may provide evidence of announcement effects or informed trading (rows 11–16), 
and post-listing periods (rows 17–22). To identify any significance across intervals 
and to find the most profitable window, we supplemented the sections with pre- and 
post-listing windows with event windows that start or end in t = 0. Next, we present 
event study results for the 22 crypto exchange sub-samples, though only for the six 

Table 1  CAARs around ICO cross-listings

* , **, *** indicates significance at the 10%, 5% and 1% level, respectively; ‘Positive’ means the share of 
assets with a positive CAR 

Window (1) Constant mean return model (2) Market model

CAAR (%) t-statistic z-statistic Positive CAAR (%) t-statistic z-statistic Positive

− 3 to + 3 9.74 3.31*** 3.35*** 0.56 9.97 3.60*** 4.24*** 0.61
− 2 to + 2 8.83 3.29*** 3.29*** 0.58 9.12 3.50*** 4.01*** 0.61
− 1 to + 1 8.73 3.48*** 3.77*** 0.58 8.70 3.34*** 4.11*** 0.60
− 3 0.66 0.89 − 0.34 0.48 1.03 1.43 0.29 0.50
− 2 1.80 2.10** 1.37 0.53 1.63 1.96* 1.31 0.50
− 1 2.14 2.16** 1.18 0.52 2.31 2.44** 1.45 0.51
0 6.73 2.79*** 3.60*** 0.59 6.51 2.69*** 2.98*** 0.56
+ 1 − 0.14 − 0.20 − 1.26 0.45 − 0.11 − 0.18 − 1.90* 0.44
+ 2 − 1.70 − 3.15*** − 3.62*** 0.38 − 1.21 − 2.34** − 3.17*** 0.41
+ 3 0.25 0.38 − 0.48 0.47 − 0.19 − 0.32 − 1.34 0.46
− 3 to − 2 2.46 2.07** 0.99 0.52 2.66 2.34** 1.29 0.52
− 3 to − 1 4.60 3.01*** 2.15** 0.54 4.97 3.44*** 2.79*** 0.55
− 3 to 0 11.33 4.10*** 4.48*** 0.58 11.48 4.34*** 5.22*** 0.63
− 2 to − 1 3.94 3.12*** 2.08** 0.52 3.94 3.25*** 2.25** 0.53
− 2 to 0 10.67 4.04*** 4.60*** 0.61 10.45 4.15*** 4.93*** 0.61
− 1 to 0 8.89 3.51*** 4.17*** 0.57 8.82 3.43*** 4.31*** 0.58
0 to + 1 6.59 2.75*** 3.11*** 0.59 6.39 2.58** 2.60*** 0.55
0 to + 2 4.89 1.98** 1.29 0.52 5.19 2.02** 1.53 0.51
0 to + 3 5.14 2.01** 1.64 0.54 4.99 1.95* 1.40 0.53
+ 1 to + 2 − 1.84 − 2.10** − 2.76*** 0.44 − 1.32 − 1.63 − 2.47** 0.41
+ 1 to + 3 − 1.59 − 1.37 − 1.83* 0.44 − 1.51 − 1.49 − 2.33** 0.40
+ 2 to + 3 − 1.45 − 1.68* − 2.15** 0.42 − 1.40 1.95* − 2.40** 0.41
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windows that serve our main research interests: the full 7-day window (− 3, + 3), 
two pre-listing periods as indicators of informed trading (− 3 to − 2) or announce-
ment effects (t = − 1), the event day (t = 0), and two post-event windows, (t = 1) and 
(+ 2, + 3). Finally, we estimate the effects of liquidity-related metrics, like trading 
volumes and market capitalization of ICO tokens and the reference market Bitcoin, 
on CAARs over the same six periods using regression analysis. To exclude any pos-
sibility of hidden time effects, event time is additionally controlled for.

5.1  Market reaction to ICO token cross‑listings

Table 1 shows CAARs of the 250 cross-listing events over various time windows 
between -3 and + 3 for the constant mean return model (model 1) and the market 
model (model 2). The two models produce broadly similar effects. We therefore use 
the market model, which is the more conservative choice, for the analyses we dis-
cuss in subsequent sections. The divergence between the results of the two models 
means that the Bitcoin market has a relevant influence.

A clear picture emerges from the results if we look at how the CAARs change 
over time. Abnormal returns are achieved especially before and on the listing day, 
whereas the CAAR is negative for virtually all post-listings windows. Single-
day ARs before the events increase from 0.66%  /  1.03% (model  1  /  2) at t = − 3 
to 2.14%/2.31% at t = − 1, though the results lack significance for at least one test 
statistic. The abnormal returns peak on the day of the event, where they are also 
highly significant, at 6.73% / 6.51%, with 56%/59% of the events producing positive 
ARs. While the results for the day after the event, at − 0.14%/− 0.11%, are mostly 
insignificant, the results for the second day after the event are highly significant and 
show negative CAARs of − 1.70%/− 2.34%. Furthermore, the proportion of negative 
results reaches 62% / 59%. For the full event window (− 3, + 3), model 1 returns a 
CAAR of 9.74% (56% positive) and model 2 of 9.97% (61% positive), both of which 
are significant at the 1%-level for both test statistics. Similar results are obtained 
using five-day (8.83%) and three-day event windows (8.73%) around the listing day.

The four-day window that ends at the event (− 3, 0) shows the highest CAARs, at 
11.33%/11.48% —clearly higher that the results for the full event window of seven 
days. Furthermore, these results are significant at the 1% level for both test statistics. 
The windows with the highest shares of positive CARs are (− 2, 0) according to 
model 1 (61%) and (− 3, 0) according to model 2 (63%). During the three-day period 
leading up to the event (− 3, − 1), ICO tokens experience an abnormal price increase 
of 4.97% (p < 0.01) in model 2. The results are similar but less significant according 
to the constant mean return model. The period (− 2, − 1) has a significant CAAR of 
3.94% for both models. We find negative CAARs for most days and windows that 
start in t = 1 or t = 2 report more than 50% negative events. The second day after the 
event has a significant CAAR of − 1.7%/− 1.21%. For days two and three after the 
event (+ 2, + 3), we find a significant CAAR of − 1.45%/− 1.4%.
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5.2  Destination market results

Table  2 presents results for the individual cryptocurrency exchanges for the six 
time windows mentioned above. For the full event window, only Binance (20.3%), 
Bithumb (9.9%), Bittrex (39.5%) and OKEx (16.4%) feature significant and positive 
results. Seven of the 22 trading venues have a majority of negative events across the 
full event window; only five exchanges have negative (though insignificant) CAARs.

In the (− 3, − 2) window, only cross-listings on the Korean-based exchange 
Bithumb (7.7%; p < 0.1) show a significant return. Overall, 16 of the 22 exchanges 
have positive CAARs for this period. One day before the listing events, the CAARs 
are positive for 14 of the 22 exchanges; on the listing day, 13 of the exchanges 
show positive CAARs; on the day after the listing, only half of the exchanges do 
so, and even fewer in the window (+ 2, + 3). On the day before the listing, the three 
exchanges Bitfinex (5.8%; p < 0.05), Huobi (7.1%; p < 0.01) and Bithumb (4.2%; 
p < 0.1) show positive CAARs that are significant in terms of both statistics, while 
on the listing days themselves, eight exchanges exhibit significant results for at least 
one statistic. Bittrex has the highest CAAR (34%), followed by Bitfinex (27.7%). 
However, the results for both exchanges are only significant regarding the z-statistic, 
while Binance shows a positive CAAR of 16.3% that is significant at the 1%-level 
for both statistics. Bithumb has a positive CAAR of 5.5% (p < 0.05), in contrast to 
Bibox and Bitforex, which both show negative CAARs (4.7%/4.6%). Gate.io also 
has a negative CAAR of 6.2% (p < 0.1). While the number of exchanges with nega-
tive CAARs increases after the listing events, we find fewer significant results. On 
the day after the listings, the results of both Huobi (− 4.1%) and Upbit (− 3.3%) are 
significant for both statistics at least at the 5% level. The three exchanges Binance 
(− 6.8%; p < 0.01), Bithumb (− 5.4%; p < 0.05) and KuCoin (− 4.3%; p < 0.05) have 
significant negative results for the event window (+ 2, + 3).

5.3  Liquidity‑related effects

Table 3 shows the results of regressing, by OLS, the CAARs obtained from the mar-
ket model on various liquidity metrics and time control variables (year dummies) 
for the same six periods as above. Figure 3in the appendix shows plots of the CAAR 
distribution for each of the six periods. Effects that are time-specific and do not 
belong to the liquidity metric are thus accounted for. For each of the 30 regressions, 
the table shows the estimation coefficient and the heteroskedasticity-robust standard 
error for the liquidity variable, as well as the coefficient of determination  (R2). Data 
on asset market capitalization were not available for all observations, which some-
what reduces the usable sample. For descriptive statistics on the liquidity metrics, 
see Table 4 in the appendix.

For asset trading volume, we find significant negative effects for the full event 
window and for the event day, with R2-values of 11.6% (p < 0.01) and 7.4% 
(p < 0.05), respectively. This shows that asset trading volume has a negative effect 
on listing returns, with most of that effect taking place on the day of the event. 
We find the same fundamental and significant negative relationship between asset 
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market capitalization and the CAAR for those two periods. However, these models 
have lower explanatory power (9.3%/6.4%), which suggests that trading volume is 
the more relevant metric. As explained above, the ratio of asset market capitalization 
to asset trading volume (AMC/ATV) permits conclusions about potential overvalua-
tion or undervaluation. We find positive and significant effects both for the (− 3, + 3) 
window (0.056, p < 0.05) and for the event day (0.042; p < 0.05).

Besides asset-specific metrics, we also test for any influence of the overall market, 
which we proxy by Bitcoin. Bitcoin trading volume (BTV) has a significant negative 
effect across the full event window. Unlike with the previous asset metrics, however, 
this effect is not attributable to the day of the event or the day before or after, but 
rather to the (− 3, − 2) period (− 0.037; p < 0.1) and the (+ 2, + 3) period (− 0.051; 
p < 0.01). For Bitcoin market capitalization (BMC), we identify a highly significant 
negative effect for (+ 3, + 2) as the only relevant effect.

6  Discussion

One primary goal of this study is to gain a basic understanding of whether ICO 
token cross-listings represent—similar to cross-listings of other assets, such as socks 
– positive market signals that result in abnormal returns. Regardless of the duration 
of the event windows or the choice of the constant mean return model versus the 
market model, cross-listing events produce excess returns for cryptocurrencies issued 
through ICOs. We thus accept Hypotheses 1. For 3-, 5-, and 7-day windows around 
the listing events, we identify positive and highly significant CAARs, which increase 
with the length of the event window. The positive effects of cross-listing events match 
the outcome of prior literature on cryptocurrency cross-listings (Ante 2019), as well 
as the stock market literature (Foerster and Karolyi 1999; Miller 1999). While Ante 
(2019) identified CAARs of 5.7% for t = 0 and 9.2% for (− 3, + 3) for cryptocurrency 
cross-listings, we find CAARs of 6.51% for the listing day and 9.97% for the full 
event window, which suggests that markets for ICOs are even less efficient than cryp-
tocurrencies in general. This confirms that cross-listing events are mostly positive 
news for ICO tokens that lead to positive price corrections in the short term.

The positive returns suggest that ICO projects can use cross-listings to signal 
their quality to the market. Similar results apply to cross-listings of stocks (Bris et al. 
2007). In line with signaling theory (Spence 1973), a cross-listing is a costly sig-
nal, requiring coordination, listing fees or disclosure of information. A cross-listing 
may afford renewed recognition to projects with little liquidity, which were perhaps 
already considered a failure. Accordingly, an implication of this study is that ICO 
projects should constantly work to list their tokens at new exchanges. This will lead 
to abnormal returns, which can satisfy the existing investor base and attract new 
investors or token users. However, given that we consider abnormal returns only until 
three days after the cross-listing, we cannot say what the longer-term effects are.

The positive impact of the cross-listing events may be explained by the reduction 
of investment barriers or new investors from other jurisdictions, but also the pro-
jects’ increased visibility (Ante 2019; Baker et al. 2002; Errunza and Losq 1985). 
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In line with the investor recognition hypothesis (Merton 1987), cryptocurrency pro-
jects may seek to attract new investors in order to reduce the expected returns of 
existing investors. Although the expected returns do not actually decline, the addi-
tional demand from new users allows existing investors to realize profits. Even the 
projects themselves, which usually retain a portion of their tokens, gain an addi-
tional opportunity to sell those tokens and thus to obtain cheaper finance. Jayaraman 
et al. (1993) make an analogous argument for stock market cross-listings.

We find significant negative CAARs of − 1.4% for the post-listing period (+ 2, + 3). 
A closer look at the individual days after the listing events shows that this effect is 
especially attributable to day two, with a significant negative AAR of − 1.21%. These 
results are in line with the literature on stocks (Foerster and Karolyi 1999; Howe and 
Kelm 1987) and cryptocurrencies (Ante 2019) and suggest that existing investors use 
the increased liquidity of cross-listing events to sell all or part of their holdings, and 
this increased supply overcompensates the demand from new traders.

While positive listing announcement effects have been identified for stock mar-
kets (e.g., Miller 1999; Roosenboom and Dijk 2009), we in turn find a highly signifi-
cant CAAR of 4.97% over the three pre-listing days, which suggests that the markets 
knew about the upcoming listing events beforehand and adjusted the prices accord-
ingly. Ante (2019) even finds a significant positive AAR of 6% on the day before the 
announcements, pointing to the possibility that exchanges that pre-announce listings 
leak information. We similarly identify positive returns of 2.66% for the (− 3, − 2) 
window that indicate that these effects cannot only be explained by announcements 
(as they are only in t = − 1 or t = 0 in our sample) but that private information leaks 
into the market and triggers informed trading. Based on the findings, two impli-
cations can be derived for cryptocurrency exchanges. On the one hand, it may be 
worthwhile to cross-list ICO tokens, since the corresponding abnormal price effect 
shows that investor interest exists despite already existing market access. However, 
primary listings potentially may lead to even higher interest and initial returns – this 
study cannot answer this question. The second implication is that information about 
upcoming listings should be better secured to protect uninformed investors from 
exploitation by informed traders. This does not only apply to exchanges but is also 
relevant for the supervisory authorities, which should create legal certainty, i.e., reg-
ulation, and ultimately investigate violations.

We also accept Hypotheses 2, as effects of cross-listings differ significantly across 
the 22 cryptocurrency exchanges we examined. Only four exchanges deliver signifi-
cant positive results for the full event window, while five exchanges yield negative 
results. We find evidence of unloading effects in the form of significant negative 
abnormal returns after the cross-listings, though to varying degrees for the individ-
ual exchanges. In fact, we do not find any significant positive effects after the event 
day. It therefore appears that owners of ICO tokens, i.e., investors, should sell their 
tokens no later than the day of the listing, and potential buyers should refrain from 
a hasty purchase but wait at least for three days. This provides a starting point for 
future studies of longer ex-post periods, since it is quite conceivable that effects will 
continue to flatten out or possibly even reverse.

Another interesting fact is that Bittrex, which was based in the US when the 
cross-listing events took place (now legally based in Liechtenstein), achieved the 
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highest CAAR of the sample. The US are generally considered to offer good inves-
tor protection. The success of projects cross-listed on Bittrex is consistent with 
bonding theory (Coffee 1999, 2002), which suggests that firms from countries with 
weaker investor protection can increase their valuation by cross-listing in countries 
with stronger securities regulation. This finding indicates that projects may have an 
incentive to list their tokens on more tightly regulated exchanges in order to signal 
quality and legal certainty.

Regarding liquidity-related characteristics, we identify significant effects for all 
of the five selected metrics. We therefore accept Hypotheses 3. High market capitali-
zation and high trading volumes, i.e., by implication high liquidity, of ICO tokens 
have negative effects on returns. Clearly previously illiquid assets benefit more from 
a cross-listing, as expected. Market capitalization or trading volume may correlate 
with the number of exchanges on which the asset is already tradable. Listing an asset 
on an additional exchange will then only have marginal effects. These results on the 
market capitalization of ICO tokens may indicate that projects may initially sell their 
tokens at a lower value, resulting in a low valuation. With new markets, this valua-
tion increases and market liquidity increases. This would confirm the market liquid-
ity hypothesis (Aggarwal et al. 2002).

It seems conceivable that the trading volume of tokens with lower prior volume 
increases more strongly with cross-listings. The effects are greater for smaller pro-
jects, which may be due for example to reduced cost of capital (Baker et al. 2002), 
new customers (Bancel and Mittoo 2001; Mittoo 1992; Pagano et al. 2002) or bond-
ing (Ante 2019; Doidge et al. 2004). The investigation of the ratio between the two 
metrics of token liquidity confirms this effect. A high ratio of market capitalization 
to trading volume has a positive effect on cross-listing returns.

The analysis of the overall market, i.e., by using Bitcoin as a proxy, permits some 
conclusions regarding the effects of market liquidity and market sentiment. We iden-
tify a negative effect of Bitcoin’s trading volume, which may indicate that in times of 
high market liquidity, cross-listings receive less attention. The bulk of these effects 
occurs in (− 3, − 2) and in (+ 2, + 3), which indicates that high market liquidity is 
used for unloading. Existing investors may use pre-listing phases to enter positions 
and the post-listing phase to liquidate their positions, as suggested by the literature 
on cross-listings (Foerster and Karolyi 1999; Howe and Kelm 1987). With regard 
to Bitcoin’s market capitalization, we only find a significant negative effect for the 
post-listing window (+ 2, + 3). As with Bitcoin trading volume, this may indicate 
that positive overall market sentiment encourages existing investors to liquidate their 
positions and harvest the profits. In principle, reverse causality is also conceivable: 
The sale of tokens causes an increase in Bitcoin trading volume. However, any such 
effects are likely to be minimal, given the relative sizes of the assets involved.

Accordingly, the market history of ICO tokens provides a basis for investors or 
traders to assess the potential effects of cross-listings and formulate potential invest-
ment strategies. In addition, the consideration of liquidity-related characteristics pro-
vides a basis for cryptocurrency exchanges to identify promising ICO tokens or to 
optimize the timing of cross-listings. The implication of optimization of cross-listing 
timing also applies to ICO projects, which are, however, dependent on exchanges 
and therefore only have limited influence.
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7  Limitations and future research

Being among the first in its field, this study is subject to several limitations. Firstly, 
sample size: Since the cryptocurrency market is still relatively young, the number 
of ICOs and associated cross-listing events is limited. We have been unable to iden-
tify and record all ICO cross-listing events during the selected period, and further-
more had to exclude a large number of cross-listings that took place in overlapping 
time intervals. We use market data from coinmarketcap.com, which covers the most 
important exchanges but misses others. Our data set of 250 observations generally 
suffices for analyses, yet some of the sub-samples for individual exchanges are on 
the small side. A larger sample would be useful to confirm our findings.

Secondly, the number of exchanges on which the projects previously traded may 
also affect the abnormal returns of cross-listing event, as it does in stock markets 
(You et al. 2013). Since we were unable to obtain this information, there is a risk of 
omitted variable bias. If such data could be collected ex-post, it would be interest-
ing to test the hypothesis of the ‘decreasing marginal utility of cross-listings’, i.e., 
whether projects that are already listed on a number of exchanges benefit less from 
yet another cross-listing. Thirdly, event studies in the stock market literature often 
use various other asset pricing models or significantly longer estimation windows. 
Applying these methods to the cryptocurrency market required us to rely on a much 
shorter prediction window and comparatively simple asset pricing models.

The very limited literature on cross-listings of cryptocurrencies or ICOs and the 
simultaneous wealth of analogous studies on traditional financial markets suggest 
a number of avenues for future research. First, while we chose an event window of 
seven days and daily prices, future studies may consider completely different peri-
ods and time intervals. Our results essentially show that the wider the window, the 
higher the abnormal return: 6.51% for t = 0, 8.7% for (− 1, + 1), 9.12% for (− 2, + 2) 
and 9.97% for (− 3, + 3). This begs the question as to how far this trend may con-
tinue. Also, the positive AAR of the event day overcompensates the negative CAAR 
of the post-listing period (+ 1, + 3). Future research might ascertain whether listing 
events also have a long-term positive effect.

Second, while we have provided some evidence on how cross-listing effects dif-
fer between exchanges, the explanation these differences must be left for future 
research. Possible determinants include the transparency of an exchange, over-
all liquidity, access to derivatives, fiat deposits and withdrawals, and location. It 
will be interesting to see whether the returns depend more on the reputation of the 
exchanges or on their fundamental properties. A related question is whether the dif-
ferences in returns are even attributable to the exchanges themselves or rather to the 
projects that select these exchanges for cross-listing.

Third, seven of the seventeen exchanges that have a positive but insignificant CAAR 
over the full event window could be called pre-event gainers, in that most of their effects 
accrue before the actual event. On these exchanges and the four significant ones, infor-
mation about the cross-listing appears to have found its way into the prices before the 
event itself. However, since we do not know when the cross-listings were announced, 
we are unable to identify any information leakage and potentially informed trading.
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Fourth, excess cash holdings of cross-listed companies are valued more highly 
than those of companies listed on a single stock exchange (Frésard and Salva 2010). 
The market can often monitor the amount of cryptocurrency collected, as the block-
chain technology provides a transparent view of all assets based on it. Future inves-
tigations could analyze the relationship between excessive cash holdings and project 
valuation. Fifth, projects often retain some of their own cryptocurrency to benefit 
from future appreciation. By monitoring the blockchain and addresses with these 
specific tokens, it should be possible to determine if team tokens are transferred 
immediately before the announcement of new cross-listings.

Sixth, future research could investigate to what extent abnormal returns surround-
ing cross-listings depend on information about the project that was already available 
at the time of the ICO and on the basis of which investors assess the quality of a pro-
ject, including human capital, business model quality, business plans or whitepapers, 
funding goals and a variety of other metrics (Ante et al. 2018). For example, it may 
be possible to identify whether tax haven-based projects are more likely to experience 
abnormal returns before the announcement of cross-listings (informed trading) or 
whether the proportion of tokens retained by the team has an effect on cross-listings.

Classic key figures from stock markets, such as the price-to-earnings ratio, can only 
be applied to the cryptocurrency market to a very limited extent, if at all. Possibly rel-
evant metrics could, however, be generated on the basis of the corresponding number of 
(active) users of a token (e.g., Metcalfe’s Law) or the token’s transaction activity (NVT 
ratio; the market capitalization in USD divided by the daily volume (in USD) that is 
transmitted on the blockchain) on the blockchain. Decentralized computer protocol prob-
ably requires special metrics, which in turn could explain returns from cross-listings.

8  Conclusion

This event study has analyzed price effects of cross-listings of cryptocurrency issued 
through ICOs. The sample comprises 250 listing events of 135 individual ICOs. On 
the day of the cross-listing, we found abnormal returns between 6.51% and 6.73%, 
depending on whether the model for expected returns includes Bitcoin as the refer-
ence market. Across a 7-day window from three days before to three days after the 
event, the abnormal returns amount to almost ten percent. Thus, cross-listings are 
generally positive events for ICO tokens, as they represent costly signals of quality 
to the market. Furthermore, we found that the abnormal returns also depend on the 
exchanges on which the listings take place, as well as on liquidity-related metrics. 
Of the 22 individual exchanges analyzed, four had positive significant effects over 
the 7-day period. An asset’s prior liquidity, in the form of market capitalization and 
trading volume, has negative effects on listing returns.

The results extend the existing literature on cross-listings to ICO tokens, show-
ing that the returns from such events systematically depend on measurable factors. 
The effects are generally comparable to those in stock markets, but much stronger. 
This indicates that the markets for ICO tokens are comparatively inefficient. The 
results can help traders form their strategies, assist projects in selecting appropriate 
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exchanges, help exchanges select projects and time cross-listings, and provide regu-
lators and society with in-depth insights into the ICO market. The results may also 
inspire a wide range of future research approaches that can bring more transparency 
to this still under-researched and opaque market.

Appendix

See Table 4 and Fig. 3.

Table 4  Descriptive statistics Variable N Mean SD Median Min. Max.

Binance 250 0.13 – 0 0 1
FCoin 250 0.10 – 0 0 1
Bitfinex 250 0.10 – 0 0 1
HitBTC 250 0.08 – 0 0 1
Huobi 250 0.06 – 0 0 1
Bithumb 250 0.06 – 0 0 1
Coinbene 250 0.05 – 0 0 1
Upbit 250 0.05 – 0 0 1
Bittrex 250 0.04 – 0 0 1
YoBit 250 0.04 – 0 0 1
KuCoin 250 0.04 – 0 0 1
Gate.io 250 0.04 – 0 0 1
OKEx 250 0.04 – 0 0 1
Bibox 250 0.04 – 0 0 1
Bitforex 250 0.02 – 0 0 1
LATOKEN 250 0.02 – 0 0 1
Hotbit 250 0.02 – 0 0 1
Liquid 250 0.02 – 0 0 1
Coinbase 250 0.02 – 0 0 1
Poloniex 250 0.01 – 0 0 1
Kraken 250 0.01 – 0 0 1
STEX 250 0.00 – 0 0 1
ATV 250 15.05 2.22 15.08 8.12 20.64
AMC 245 18.33 1.77 18.34 14.14 22.70
AMC/ATV 245 3.24 1.21 3.16 0.27 7.82
BTV 250 22.35 0.58 22.29 19.60 24.00
BMC 250 25.45 0.42 25.46 23.66 26.33
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