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Abstract13

As cryptocurrencies have been appreciating against fiat currencies, global markets for cryptocurrency14

investment have started to emerge, including, most prominently, derivative exchanges. Different15

from traditional derivative markets, cryptocurrency derivative products are directly marketed to16

consumers, rather than through brokerage firms or institutional investors. Cryptocurrency derivative17

exchange platforms include many game-like features (e.g., leaderboards, chatrooms, loot boxes),18

and have successfully attracted large numbers of investors. This paper attempts to discover the19

primary factors driving users to flock to these platforms. To answer this question, we have collected20

approximately a year worth of user data from one of the leading cryptocurrency derivative exchanges21

between 2020 and 2021. During that period, more than 7.5 million new user accounts were created22

on that platform. We build a regression analysis, accounting for the idiosyncrasies of the data at23

hand – notably, its non-stationarity and high correlation – and discover that prices of two major24

cryptocurrencies, Bitcoin and Ethereum, impact user registrations both in the short and long25

run. On the other hand, the influence of a less prominent coin, Ripple, and of a “meme” coin26

with a large social media presence, Dogecoin, is much more subtle. In particular, our regression27

model reveals the influence of Ripple prices vanishes when we include the SEC litigation against28

Ripple Labs, Inc. as an explanatory factor. Our regression analysis also suggests that the Chinese29

government statement regarding tightening cryptocurrency mining and trading regulations adversely30

impacted user registrations. These results indicate the strong influence of regulatory authorities31

on cryptocurrency investor behavior. We find cryptocurrency volatility impacts user registrations32

differently depending on the currency considered: volatility episodes in major cryptocurrencies33

immediately affect user registrations, whereas volatility of less prominent coins shows a delayed34

influence.35
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8:2 User participation in cryptocurrency derivative markets

1 Introduction45

Cryptocurrencies have had a growing impact on global finance. Shortly after the emergence46

of Bitcoin [33], use cases were primarily as a payment instrument for online fringe activities47

such as gambling, or the purchase of illegal goods [11, 31]. However, spot prices (i.e., the48

exchange rate to fiat currencies) rapidly skyrocketed — Bitcoin went from being worth49

nothing in 2009 to exceeding $60,000 in 2021 – so that cryptocurrencies became an important50

type of (speculative) financial asset [16].51

Consequently, trading infrastructure rapidly expanded from spot exchanges, where people52

exchange cryptocurrencies for fiat currencies [32], to cryptocurrency derivative platforms [44].53

Today, approximately 50–100 billion US dollars are traded every day on these off-chain54

derivative exchanges.1 This number far exceeds that of cryptocurrency spot markets, and55

can be compared to the roughly 200 billion USD traded on the NASDAQ on a given day at56

the time of writing.2 In short, cryptocurrency derivative markets are critical to understand57

the impact of cryptocurrencies on global finance.58

The rapid increase in trading volume and user participation led financial regulators to59

pay close attention. The U.S. Securities and Exchange Commission (SEC) Chair famously60

emphasized the need for stronger regulations for better investor protection and market61

integrity [49]. At the international level, the Financial Stability Board (FSB) raised its risk62

evaluation of cryptocurrency and prioritized the risk assessment of cryptocurrency markets63

for 2022 [16,17]. Out of these concerns about potential threats, financial authorities took64

regulatory measures regarding the cryptocurrency industry [5, 21,50].65

These regulatory changes, as well as large price swings, are expected to impact investor66

behavior. However, little quantitative analysis has been conducted to measure the degree of67

influence of all of these potential factors. The core contribution of this paper is to examine68

the degree to which price appreciation, volatility, and regulatory measures influence user69

decisions to engage in cryptocurrency investments. To do so, we rely on a dataset we obtained70

about the hourly performance data of more than eight million investors (registered by July71

20, 2021, and most of whom are presumed to be invididual investors) in one of the largest72

cryptocurrency derivatives markets, from which we can derive how many new investors sign73

up to the exchange. We use that data to investigate how cryptocurrency prices affect the74

number of investors in the market with a regression model that can address the long-run75

relationship between the new registration and major cryptocurrency prices.76

A prevailing narrative is that short-term speculation motivates cryptocurrency investments77

[15,29] – if so, investors should flock to investment platforms as market volatility increases.78

We look at the effect of four cryptocurrencies (“reserve” cryptocurrencies like Bitcoin, “meme”79

currencies like Dogecoin, etc.) prices and volatility on investor registrations, and build a80

regression to tease out factors that appear to matter. Building this regression presents a81

number of technical challenges we elaborate on, and our analysis ultimately shows a nuanced82

picture. The number of investors increases over time, with both price rise and volatility83

acting as a crucial effect on the rate of increase. However, not all currencies are equal:84

contrary to Bitcoin or Ethereum, whose price hike and high volatilities immediately affect85

user registration, Ripple and Dogecoin prices have much less impact on user registrations in86

the short term, and it takes longer time for the impact of their high volatility to materialize.87

Our regression also shows the significant influence of regulatory measures. Our analysis shows88

1 https://coinalyze.net/futures-data/global-charts/
2 https://www.nasdaqtrader.com/Trader.aspx?id=DailyMarketSummary

https://coinalyze.net/futures-data/global-charts/
https://www.nasdaqtrader.com/Trader.aspx?id=DailyMarketSummary
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that the SEC litigation against Ripple Labs, Inc. and its executives basically negated any89

positive effect of Ripple’s price rise on user registrations. The same analysis also suggests that90

the statement by the Chinese government that it was tightening cryptocurrency regulation3
91

also adversely affected user registrations.92

2 Related work93

Bitcoin is a digital asset maintained by cryptographic primitives and distributed ledger94

technology. All transactions are recorded on a public ledger (“blockchain”) and verified by95

peers engaging in a cryptographic puzzle (“miners”). Originally proposed as a payment96

method independent of trusted third parties [33], Bitcoin’s use cases during its first few years97

were fraught with controversy: Meiklejohn et al. [31] showed that one of the major outlets98

for Bitcoin transactions was Silk Road, a marketplace for (mostly) illegal goods [11]. Moore99

and Christin showed that Bitcoin exchanges, where people trade Bitcoin for national (“fiat”)100

currencies, frequently failed, and sometimes absconded with their users’ money [32].101

Despite (or maybe thanks to) the negative publicity, Bitcoin price skyrocketed within a102

few years. Multiple pieces of literature tried to understand why. Kristoufek [27] showed a103

correlation between Bitcoin price and the volume of related online search queries. In addition,104

they found that increased interest in Bitcoin inflates its price, which leads to a bubble-like105

price movement. Ciaian et al. [12] showed that Bitcoin’s attractiveness to investors is an106

important driver, along with other conventional economic determinants. Urquhart [45]107

showed that an increase in realized Bitcoin price volatility is correlated to a larger number of108

related online searches one day later.109

More generally, researchers proposed theoretical foundations to integrate various price110

determinants that had been observed empirically [7, 13, 34, 35, 40, 43]. Network effects appear111

critical: cryptocurrency appeal, and thus price, grows with the number of users, due to the112

increased security and (indirectly) usability a large user base provides. For instance, Liu and113

Tsyvinski’s recent empirical analysis [28] shows that cryptocurrency prices correlate with the114

growth in the number of active on-chain addresses.115

By analyzing conditional exposure to tail risks in other cryptocurrencies and in conventional116

financial asset prices, Borri [8] had showed cryptocurrency prices were affected by other117

cryptocurrencies, but were decoupled from conventional financial assets prices. Iyer [22]118

argues this may no longer be the case: correlation between cryptocurrency prices and119

conventional financial asset prices has been growing.120

While this growing body of literature looks into correlations between cryptocurrencies121

and other financial assets, relatively little is known about market participants. Baur et al. [6]122

analyzed early Bitcoin holder demographics between 2011 and 2013 and showed that the123

main purpose of holding Bitcoin is for investment. By analyzing the BitMEX platform, Soska124

et al. [44] showed derivative investors were a mix of hobbyists and professional traders—with125

the latter often winning against the former. Kawai et al. [26] show that some derivatives126

investors provide unreliable investment advice on Twitter.127

Despite these advances, many critical issues to characterize cryptocurrency investor128

behavior are yet to be answered. One of the issues is the influence of the price of129

major cryptocurrencies on potential investors – i.e., people who have not yet opened130

investment accounts in cryptocurrency markets, but are interested in investing. We argue131

3 https://www.gov.cn/xinwen/2021-05/21/content_5610192.htm?ivk_sa=1023197a

AFT 2023
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8:4 User participation in cryptocurrency derivative markets

this understanding is critical to better constructing a sustainable cryptocurrency investment132

environment.133

3 Dataset134

We obtained investor performance records over two years and a half from a large cryptocurrency135

derivative exchange public API, and use a subset of this data in the present paper. This136

section first briefly describes perpetual futures, the derivatives product predominantly traded137

on the exchange, before discussing the investor data present in our dataset.138

3.1 Cryptocurrency derivative exchanges139

While several platforms investigated various types of cryptocurrency contracts, BitMEX is140

generally credited with pioneering cryptocurrency derivative products, starting in November141

2014 [2,3]. Compared to conventional derivatives markets, the most popular contract available142

is the perpetual futures contract, which, contrary to conventional derivative products (e.g.,143

options), has no expiry date: Investors can hold their positions as long as their margin size is144

large enough to avoid liquidation. Soska et al. present a comprehensive study of BitMEX145

and of the perpetual futures contract [44]. Below we provide a quick summary of this type146

of contract, which subsequently became highly popular on all derivative exchanges, including147

the one we study in this paper.148

3.1.1 Perpetual futures149

Perpetual futures are investments in the future value of underlying cryptocurrencies: a typical150

case is the value of Bitcoin (BTC) against US dollar (USD) – or a related “stablecoin” (a151

cryptocurrency pegged to a fiat currency) like Tether (USDT). Investors of perpetual futures152

can go “long” or “short.” An investor expecting a rise in BTC value against USD will go153

long (i.e., bet on the appreciation of BTC); conversely, investors expecting a decline will go154

“short.” Longs and shorts are evenly matched among investors: every long contract is paired155

with a corresponding short contract placed by other investors.156

Perpetual cryptocurrency future markets typically allow very high leverage, far beyond157

what their traditional finance counterparts tolerate. For instance, BitMEX [44] allowed up158

to 100x leverage. The platform we study allowed up to 125x leverage during the period we159

investigate (September 2020–July 2021). In short, an investor could invest up to 125 BTC160

worth of USD with only 1 BTC worth of USD as collateral. If the investor goes long (resp.161

short), and the value of bitcoin appreciates (resp. depreciates) against the US dollar, the162

investor can reap significant profit. On the other hand, leveraged positions are incredibly163

risky: for a 125x leveraged position, a swing of (slightly less than)4 0.8% compared to the164

purchase price, in the direction opposed to the bet made, results in liquidation. That is, the165

investor’s position is immediately closed, and the investor loses all their money.166

3.1.2 Performance indices167

The exchange we study uses two indices to characterize investor performance: Profit and168

Loss (PnL) and Return on Investment (RoI). PnL shows the absolute profit (resp. loss) of an169

investment portfolio. An absolute metric, PnL tends to get large with investors who can take170

4 Due to transaction fees and other early liquidation mechanisms.
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larger positions. On the other hand, the RoI, defined as the PnL divided by the investors’171

margin size (i.e., the funds the investor deposited in the market), is independent of the initial172

endowment.173

3.1.3 Rankings174

The market we study provides ranking information of investors based on their PnL and RoI.175

The investor with the highest PnL (or RoI) ranks first, and other investors are sorted in176

descending order. Crucially, this ranking includes inactive investors who registered on the177

market but do not have any positions. These inactive investors have, by definition, a PnL178

and a RoI of zero, which is higher than that of investors who have incurred losses. As a179

result, the rank of an investor with a slightly negative PnL/RoI is orders of magnitude larger180

than that of an investor with a slightly positive PnL/RoI.181

3.1.4 Cryptocurrency prices182

The exchange also provides real-time prices of major cryptocurrencies via its public API. We183

collect these prices every minute throughout our measurement period. All collected prices184

are denominated in Tether (USDT).185

3.2 Data collected186

The cryptocurrency derivatives exchange we study started to publish ranking information187

on a leaderboard in mid-2020. While the leaderboard web front-end only shows the top188

investors, the public API initially provided information on every investor on the platform.189

Ranking data was updated hourly until May 9, 2021. Updates then shifted to a daily basis,190

until July 26, 2021. At that point, the exchange stopped providing ranking data for all191

investors; instead, the API now merely matches what the web front-end shows. As a result,192

we use data collected between August 20, 2020 and July 20, 2021.193

4 Estimating the number of investors194

4.1 Number of investors195

As discussed above, the exchange API provides performance indices and ranking data about196

all investors. Unfortunately, to query data about a specific investor, we need their ID, and197

we cannot directly obtain the number of investors on the platform. Instead, we use ranking198

data as a proxy to estimate it.199

Figure 1 shows the number of investors in our dataset, the maximum PnL rank among200

the investors, and their ratio at the beginning of each month in our observation period.201

The figure shows that we collected data on more than one million investors and this202

ratio stays above 0.80 after October 2020—the first month is an anomaly due to our data203

covering only a week or so. The large sample size ensures the lowest rank among collected204

investors is statistically very close to the number of investors in the market.5 With this in205

5 As a rough estimation, the probability that the relative error between the lowest rank and the (actual)
number of investors in the market is equal to or less than 0.001% throughout our observation period
(293 days) with one million samples (∼ the number of investors at the beginning of October 2020) is:
P r(Relative Error < 0.001%) =

(
1 − (1 − 0.00001)1,000,000

)293 ≃ 0.987. Given the increasing sample
size, the actual probability is better than the approximation.

AFT 2023



8:6 User participation in cryptocurrency derivative markets

Figure 1 The number of investors in our
dataset and the maximum (lowest) rank among
the investors

Figure 2 The daily increase in the number of
investors in the market and the prices of Bitcoin
(BTC) and Ether (ETH).

mind, Figure 1 shows 7.5 million new investors joined the market increased in the ten months206

between September 1, 2020 to July 1, 2021.207

Using maximum PnL rank as a proxy, we can estimate the number of investors in the208

market on a daily basis, even with an imperfect coverage of investors. Figure 2 shows both209

the daily increase in users on the platform, and the Bitcoin (BTC) and Ethereum (ETH)210

spot prices. Graphically, there seems to be a strong correlation between the number of new211

users joining the market, and the price of these currencies. The outliers (abnormally large212

increases) in November 2020 and July 2021 come from data collection errors due to changes213

in the exchange API implementation and collector breakdown.214

In Section 6, we refine this intuition with a complete regression analysis.215

4.2 Leaderboard data idiosyncracies216

We have to account for certain idiosyncracies in our data. We infer registration numbers from217

the leaderboard data, which we itself get from a public API. However, there may be some218

lag times between what the API returns (leaderboard data may not be faithfully updated in219

real-time), and actual numbers; this can have an impact on our regression analysis.220

Figure 3 shows when new user registrations appear in our data, on a hourly basis. Each221

point corresponds to the relative increase in number of registered users compared to the222

previous hour, using the maximum leaderboard rank among observations in the hour as a223

proxy, as discussed earlier. We plot this data over our complete measurement interval (so,224

roughly 7,000 points corresponding to the number of hourly samples in our 10-month data).225

We observe that the reported number of users jumps during 0:00-3:00AM UTC on most days226

and usually does not change much thereafter. From this behavior, we hypothesize that the227

exchange updates the set of investors in the performance rankings once a day at midnight,228

integrating most, if not all, of those who registered in the previous day at that time.229

Therefore, we define the number of investors in the market in a day d as Id ≡ maxτ∈d+1 Iτ ,230

where Iτ is the largest observed leaderboard rank in a time slice τ . We also define the daily231

increase in a day d (Nd) as Nd ≡ Id − Id−1.232

5 Regression analysis233

We start by discussing the regression variables, before exploring how to construct our234

regression, considering the properties of the data we have at our disposal.235
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Figure 3 Hourly relative increase in the number of investors. The black dots show the exact time
the largest rank in an hour was observed and the relative increase from the previous hour’s largest
rank. The background color shows the number of observations for a block of an hour and a 0.5%
relative increase.

5.1 Variables236

5.1.1 Daily user increase237

Our first month of data has problematically sparse samples (3.0 × 104) and low coverage238

(2.67%). Hence, we discard it, and limit our analysis to October 1, 2020–July 20, 2021. We239

fix the handful of discontinuities observed in Figure 2 – due to data collection errors – by240

removing the outliers and replacing them with linear interpolations.241

As Figure 2 shows, the daily increase Nd does not converge or revert to a mean value. In242

fact, as we will see in Section 6, Nd is a non-stationary variable. Fortunately, the Box-Cox243

transformation [9, 52] allows us to include such variables in an autoregressive model like the244

one we consider, by instead using a transformed variable that satisfies certain properties.6 In245

our case, the logarithm of the daily increase, log Nd, satisfies these requirements.246

5.1.2 Prices247

As noted above, we gather per-minute cryptocurrency prices. For currency X, at day d, we
thus collect a vector of prices PX,d = {PX,1, . . . , PX,1440} corresponding to the 1 440 minutes
in a day. The realized daily volatility σX,d is:

σX,d =
√

1440
|PX,d|

∑
τ∈d,τ>1

(log PX,τ − log PX,τ−1)2
,

where PX,τ is the price of cryptocurrency X measured at time τ in day d.248

Here too we use a Box-Cox transformation, and consider the logarithm of the daily average249

prices, log P̄X,d, as an explanatory variable. Its first difference ∆ log P̄X,d ≡ log P̄X,d −250

log P̄X,d−1 is the logarithmic return of the price, showing the approximate percentage change251

in the daily price. We will also use the realized volatility σX,d as an additional explanatory252

variable. To calculate daily average prices P̄X,d in a manner robust to short-lived volatile253

price movements, we will follow Biais et al. [7], by calculating the average of median values254

over short time intervals (5 minutes).255

We select four cryptocurrencies for their importance and/or unique characteristics.256

Bitcoin (BTC): Bitcoin has the largest market cap among cryptocurrencies, and is frequently257

touted as the “reserve currency” of the cryptocurrency ecosystem. BTC-USDT is the most258

6 Namely, that the mean and variance of its first difference are stationary.

AFT 2023



8:8 User participation in cryptocurrency derivative markets

popular futures contract in the exchange we consider, and Bitcoin presents the largest open259

interest, that is, the total amount (in USDT) of futures contracts held by market participants.260

Ethereum (ETH): Ethereum has the second largest market cap among cryptocurrencies,261

and features the second largest open interest in the exchange. ETH is the utility token in262

the Ethereum blockchain, which supports many smart contracts, including the majority of263

decentralized finance (DeFi) contracts and protocols. ETH thus gives us some insights into264

potential investor interests (and beliefs) in more elaborate blockchain proposals.265

Ripple (XRP): XRP is another major cryptocurrency with a decentralized consensus266

mechanism [10]. Ripple Labs, Inc., the company behind XRP, was sued by the U.S. Securities267

and Exchange Commission (SEC) in December 2020.7 At the time of writing, the suit has268

not been resolved. Among all cryptocurrency legal wranglings, this case is interesting to269

understand the potential influence of regulatory measures on user interest in a pretty popular270

coin, specifically, the third largest coin by market capitalization at the time.8 Hence, XRP271

could give us insight into investor reactions to regulatory issues.272

Dogecoin (DOGE): Originally a “meme” cryptocurrency primarily designed with humorous273

goals in mind, DOGE received increased attention due to numerous social media campaigns274

by influencers touting its potential (notably for tips and micropayments). As a result of the275

attention, DOGE soared in value from 0.005 USDT in January 2021 to 0.5 USDT in May276

2021, before hitting an all-time high of 0.75 USDT on May 7, 2021. Social media attention277

faded away shortly thereafter, and the currency lost significant value. DOGE is thus an278

interesting currency to include, as a loose proxy for social media activity.279

Table 1 summarizes statistics for the logarithms and realized volatilities for the four280

cryptocurrencies above. Reflecting the price hike in DOGE in early 2021, the standard281

deviations for DOGE are higher than other variables. We will later use the mean values282

and standard deviations of level variables for the Principal Component Analysis (PCA).283

Appendix A shows the plot of daily average prices and realized volatilities of four selected284

cryptocurrencies.285

Table 1 Descriptive statistics for the daily increase in the number of investors and the logarithm
of daily average price and realized volatility of BTC, ETH, XRP, and DOGE

log N log P̄BT C log P̄ET H log P̄XRP log P̄DOGE σBT C σET H σXRP σDOGE

• Level variable
Mean 9.862 10.371 7.145 -0.636 -3.396 0.047 0.059 0.087 0.100

Median 10.077 10.469 7.434 -0.610 -2.917 0.042 0.051 0.071 0.066
Std. Dev. 0.899 0.518 0.714 0.583 1.923 0.025 0.038 0.060 0.099

Max. 11.465 11.059 8.346 0.589 -0.370 0.233 0.475 0.417 0.900
Min. 7.654 9.261 5.827 -1.556 -5.990 0.010 0.019 0.018 0.015

• First difference
Mean 0.006 0.004 0.006 0.003 0.014

Median -0.012 0.006 0.006 0.002 0.001
Std. Dev. 0.212 0.037 0.046 0.077 0.127

Max. 1.174 0.126 0.163 0.291 1.238
Min. -1.256 -0.145 -0.196 -0.321 -0.470

7 See https://www.sec.gov/news/press-release/2020-338.
8 See https://coinmarketcap.com/historical/20201220/

https://www.sec.gov/news/press-release/2020-338
https://coinmarketcap.com/historical/20201220/
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5.2 Method286

All of our variables are time-dependent and potentially highly correlated. An unbiased287

regression analysis generally requires time-dependent variables to be at least (weak-)stationary [4,288

19, 20, 30] and to present low correlation [39]. Stationarity means the mean values should289

be finite, time-invariant, and auto-covariances should only depend on the time interval over290

which they are calculated. By successively differencing a non-stationary variable, we might291

eventually end up with a stationary variable (e.g., a random walk variable yt following292

yt = yt−1 + ϵt with white noise ϵt is not stationary, but its first difference, ∆yt = ϵt, is). We293

denote by I(d) the number of successive differencing operations required to make the tested294

variable stationary. I(d), also called the order of integration, will be key in determining295

which regression model to use. Also, keeping the correlation between explanatory variables296

low is an essential part of pre-processing to hold a regression analysis informative.297

5.2.1 Unit root test298

To check stationarity, we rely on the unit root test technique. One of the best known such299

tests is the Augmented Dickey-Fuller (ADF) test [14]. ADF tests the null hypothesis that300

the variable tested is a unit root (i.e., I(1)). If it rejects the null hypothesis with a small301

enough p-value, the process is deemed stationary (I(0)). The Phillips-Perron (PP) test [38]302

is also widely used to test stationarity. PP assumes the same null hypothesis as ADF, but303

allows heteroskedasticity and autocorrelation in the error term. We will use both PP and304

ADF in our analysis.305

5.2.2 Principal Component Analysis306

We employ Principal Component Analysis (PCA, [18]) to solve the problem of high correlation307

between explanatory variables. PCA is an orthogonal projection of the original variables308

(X) onto a lower-dimensional set of variables (SL), preserving as much information as309

possible: SL = X̂WL, where L is the dimension of PCA-vector space (L ≤ dim(X)).310

WL is the coefficient matrix for constructing principal components from normalized price-311

related variables X̂i, which is composed of the variables normalized with its mean value312

(Xi) and standard deviation (
√

V ar(Xi)): X̂i ≡ Xi−Xi√
V ar(Xi)

. Because PCA components313

are orthogonal, PCA prevents the regression analysis from being contaminated by highly314

correlated components. We can then calculate the original variables’ coefficients from those315

for PCA components by simple linear algebraic manipulations.316

5.2.3 Autoregressive distributed lag model317

We will build our regression using an autoregressive distributed lag (ARDL) model, which,318

contrary to most regression models, can accommodate a mixture of I(0) variables and319

I(1) variables [36]. This makes it particularly suited to our problem, given the apparent320

non-stationarity of at least some of our variables.321

We will use the following unrestricted error correction model (UECM) representation of322

AFT 2023



8:10 User participation in cryptocurrency derivative markets

ARDL in our analysis:323

∆l̂og Nd = c0 +
∑

S γSIS,d

+π0 ̂log Nd−1 +
∑

i πivi,d−1 +
∑

i π′
iwi,d−1

+
∑p−1

i=1 αi∆ ̂log Nd−i

+
∑

i

∑qi−1
j=0 βi,j∆vi,d−j +

∑
i

∑q′
i−1

j=0 β′
i,j∆wi,d−j

+ϵd ,

(1)324

where p, qi(q′
i), IS,d, and ϵd represent the lag order of the normalized daily increase325 (

l̂og Nd ≡ log Nd−log Nd√
V ar(log Nd)

)
, those for principal components for daily average prices (vi) and326

realized volatilities (wi) in d-th day, indicator variables of interest (labeled by S), and the327

error term, respectively. α, β, β′, γ, π0, π, and π′ are regression coefficients.328

Pesaran et al. [36] propose a bounds test in an ARDL model (PSS-bounds test), to329

determine the existence of a long-run equilibrium relationship (i.e., cointegration) between330

variables. The test compares the test statistic with two critical boundaries. If the tested331

statistic is larger than the upper boundary (called I(1)-boundary), the test confirms the332

existence of a long-run relationship; On the other hand, if the tested statistic is lower than333

the lower boundary (I(0)-boundary), the test rejects the existence of a long-run relationship.334

If the tested statistic falls between the I(0) and I(1) boundary, no conclusion about the335

existence, or lack thereof, of a long-run relationship can be derived. PSS-bounds test has five336

cases (Case I-V) for the specification of deterministic terms. We consider Case I (no constant337

term in the ARDL model), Case II (a constant term in the ARDL model and cointegration),338

and III (a constant term in the ARDL model, but no constant term in cointegration). In the339

UECM representation, the cointegrations are mainly given by the second line in Eqn. (1):340

l̂og Nd + 1
π0

(∑
i πivi,d +

∑
j π′

jwi,d

)
= 0 (Case I) ,

l̂og Nd + 1
π0

(
µ +

∑
i πivi,d +

∑
j π′

jwi,d

)
= 0 (Case II) ,

l̂og Nd + 1
π0

(∑
i πivi,d +

∑
j π′

jwi,d

)
= 0 (Case III) ,

(2)341

where µ is the deterministic term(s) for cointegration.342

Intuitively, Eqn. (1) says that the change in l̂og Nd is explained by (1) the short-run343

change in itself and explanatory variables and (2) the deviation from cointegration (i.e.,344

long-run equilibrium status) if it exists.345

We can consider the marginal effect of explanatory variables ( ∂ ̂log Nd+k

∂VX,d
) in an arbitrary346

temporal duration k (≥ 0) when they converge to zero over time.347

Short-run multipliers ( ∂ ̂log Nd

∂VX,d
) represents the immediate impact of an explanatory variable348

VX,d. In Eqn. (1), short-run multipliers are given by βi,0 and β′
i,0. The cumulative marginal349

effect up to k-th day (
∑k

l=0
∂ ̂log Nd+k

∂VX,d+l
) shows the accumulated impact of change in explanatory350

variables lasting for k days, and converges to a finite value as k increase when the marginal351

effect converges to zero. Since
∑k

l=0
∂ ̂log Nd+k

∂VX,d+l
=

∑k
l=0

∂ ̂log Nd+l

∂VX,d
, we can also interpret this352

quantity as the cumulative effect that today’s change in an explanatory variable will cause353

for k days in the future.354

Long-run multipliers (limk→∞
∑k

l=0
̂log Nd+k

∂VX,d+l
) denote the cumulative marginal effect on355

̂log Nd+k coming from a persistent change in an explanatory variable. From the discussion356

above, this quantity represents the cumulative effect today’s change in an explanatory variable357

causes in the long future. Going back to Eqn. (1), long-run multipliers are given by −π
π0

and358

−π′

π0
for the principal components of daily average prices and realized volatilities, respectively.359
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Our analysis considers two major regulatory measures that affected cryptocurrency360

prices in our observation period, using two indicator variables (IS): (1) the influence of the361

SEC litigation against Ripple Labs, Inc. and (2) the Chinese government’s statement that362

it planned to tighten cryptocurrency regulation. The big swings in XRP price after the363

announcement of the lawsuit may affect newly-participating investor behavior. To capture364

the potential effects, we introduce the indicator variable:365

ISEC,d =
{

1 d is before Dec. 22, 2020 ,

0 otherwise .
(3)366

Dec. 22, 2020 is the day the SEC publicly announced the lawsuit. In the definition of Eqn. (3),367

the sum of the constant term and ISEC (c0 + ISEC) reresents the constant percentage change368

in user registrations before the lawsuit was announced; this becomes a constant term (c0)369

after that announcement. We employ this definition of ISEC to avoid shifting the critical370

values of the PSS-bounds test [36].9371

We use another indicator variable to capture the effect of the Chinese government’s372

statement. It was published on May 21, 2021 [5]. This statement is considered to have had a373

significant impact on wide range of cryptocurrencies adversely.374

ICHN,d =
{

1 d ≥ May 21, 2021 ,

0 otherwise .
(4)375

A statistically significant coefficient for ISEC and ICHN would indicate a spill-over effect376

that is not absorbed in cryptocurrency prices. Geofencing has been an issue for major crypto-377

exchanges as evidenced by multiple legal proceedings [46–48, 51], with investors allegedly378

residing in countries that restrict participation (specifically, the US and China). We have no379

reason to believe the market we study is immune to geofencing issues. Hence, we expect the380

announcement of these regulatory actions to impact potential investor behavior. Moreover,381

these measures were announced within our observation period, making it possible to precisely382

gauge their impact. We also considered the UK ban on retail crypto-derivatives trading383

that became effective on Jan. 6, 202110 as a potentially relevant case, but did not observe384

any significant impact. We cannot distinguish whether this is because the announcement385

was made before our observation period started (June 10, 2020), and investors had already386

factored it into account, or because UK regulations have less of an overall impact.387

Our analysis uses urca package for R [37] for unit-root tests and statsmodels package for388

Python [42] for the remaining analyses. We employ heteroskedasticity autocorrelation (HAC)389

robust variance estimation throughout our analyses to compensate for the potential impact390

of determinants other than our selected terms and autocorrelation.391

6 Results392

We start with unit root tests to ensure all variables are I(0) or I(1) so that we can use393

ARDL. Then, we consider the correlation between explanatory variables and finally perform394

a complete analysis of our ARDL model to tease out the factors behind user registrations.395

9 PSS-bounds test’s critical values must be modified if the regression formula includes indicator variable(s)
that do not disappear as the observation period increases. We defined ISEC in Eqn. (3) to mitigate the
potential contamination from long-lasting non-zero indicator variables.

10 https://www.fca.org.uk/news/press-releases/fca-bans-sale-crypto-derivatives-retail-consumers
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Table 2 Unit root test results.

Level variable First difference

Variable Intercept Intercept and
Trend term Intercept Intercept and

Trend term
Order of

integration

ADF test
log N -1.91 -0.49 -10.07∗∗∗ -10.31∗∗∗ I(1)
log P̄BT C -2.38 -0.45 -6.53∗∗∗ -7.23∗∗∗ I(1)
log P̄ET H -1.84 -0.60 −10.52∗∗∗ −10.70∗∗∗ I(1)
log P̄XRP -1.71 -1.55 −11.12∗∗∗ −11.16∗∗∗ I(1)
log P̄DOGE -1.10 -1.39 −7.85∗∗∗ −7.87∗∗∗ I(1)
σBT C -4.04∗∗∗ -4.02∗∗∗ -9.40∗∗∗ -9.41∗∗∗ I(0)
σET H −4.11∗∗∗ −4.17∗∗∗ −9.78∗∗∗ −9.78∗∗∗ I(0)
σXRP −5.31∗∗∗ −5.29∗∗∗ −7.70∗∗∗ −7.71∗∗∗ I(0)
σDOGE -6.44∗∗∗ −6.53∗∗∗ −9.67∗∗∗ −9.66∗∗∗ I(0)

PP test
log N -1.82 -1.98 -26.53∗∗∗ −26.93∗∗∗ I(1)
log P̄BT C -2.39 -0.27 −14.25∗∗∗ −14.65∗∗∗ I(1)
log P̄ET H -1.85 -0.44 −13.03∗∗∗ −13.15∗∗∗ I(1)
log P̄XRP -1.72 -1.57 −13.03∗∗∗ −13.04∗∗∗ I(1)
log P̄DOGE -1.06 -1.29 −14.60∗∗∗ −14.60∗∗∗ I(1)
σBT C −8.18∗∗∗ −8.40∗∗∗ −31.31∗∗∗ −31.30∗∗∗ I(0)
σET H −9.47∗∗∗ −9.77∗∗∗ −33.92∗∗∗ −33.88∗∗∗ I(0)
σXRP −7.69∗∗∗ −7.70∗∗∗ −26.83∗∗∗ −26.80∗∗∗ I(0)
σDOGE −6.80∗∗∗ −6.91∗∗∗ −21.84∗∗∗ −21.80∗∗∗ I(0)

*, **, *** denote significance at the 10%, 5%, and 1% level, respectively.

6.1 Unit root test396

Table 2 summarizes the unit root test results for level variables and their first difference,397

where we determine the lag order in ADF to minimize Akaike Information Criterion (AIC) [1].398

Both ADF and PP provide consistent results about variable stationarity. The analysis shows399

that (taking their logarithms), the daily user registration increases and the daily average400

prices are unit root I(1), but volatilities are stationary, i.e., I(0). Hence, we can use ARDL401

in our analysis for daily registrations and PCA components constructed from price-related402

variables: the PCA components, which are composed of the linear combination of log P̄X403

and σX , are at most I(1).404

6.2 Principal Component Analysis405

Table 3 shows that the Pearson correlation coefficients between log daily average prices and406

realized volatilities are so high that regression analysis with these variables will suffer from a407

multi-collinearity problem [18,39].408

Therefore, we consider the Principal Component Analysis (PCA) of daily average prices409

and realized volatilities. Table 4 summarizes the construction of PCA components from410

normalized log daily average prices ( ̂log P̄X) and realized volatilities (σ̂X). The table shows411

that the first component (PC1) for both log daily average prices (v1) and realized volatilities412

(w1) are composed of the almost equally weighted sum of four coins, which basically denotes413

the average trend of cryptocurrency prices and volatilities. The second component in daily414

average prices (PC2) has large BTC and XRP coefficients with opposite signs, capturing how415

XRP price trends deviate (or get “decoupled”) from BTC price trends, to which the SEC416

litigation against Ripple may have contributed. The realized volatilities’ second component417

measures the volatility difference between major coins (BTC and ETH), on the one hand,418
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Table 3 Pearson correlation coefficients for daily average prices and realized volatilities.

Daily average price Realized volatility

log P̄BT C log P̄ET H log P̄XRP log P̄DOGE σBT C σET H σXRP σDOGE

log P̄BT C 1.00 0.90 0.64 0.78 0.31 0.25 0.27 0.33
log P̄ET H 1.00 0.78 0.95 0.31 0.30 0.20 0.31
log P̄XRP 1.00 0.81 0.12 0.18 0.25 0.24

log P̄DOGE 1.00 0.25 0.25 0.13 0.29
σBT C 1.00 0.92 0.56 0.52
σET H 1.00 0.57 0.49
σXRP 1.00 0.54

σDOGE 1.00

Table 4 Principal component coefficients and percentage of variance explained by each principal
component.

Daily average price Realized volatility
̂log P̄BT C

̂log P̄ET H
̂log P̄XRP

̂log P̄DOGE % of variance σ̂BT C σ̂ET H σ̂XRP σ̂DOGE % of variance

PC1 0.015 0.017 0.015 0.016 86.0 0.019 0.019 0.016 0.015 70.4
PC2 -0.060 -0.018 0.071 0.011 9.4 -0.031 -0.033 0.027 0.050 16.3
PC3 -0.074 0.036 -0.069 0.095 4.1 -0.013 -0.007 0.070 -0.050 11.3
PC4 -0.146 0.368 0.008 -0.246 0.4 -0.145 0.144 -0.007 0.009 2.0

and relatively less prominent coins (XRP and DOGE), on the other hand. Figure 4 shows419

the first and second components for log daily average prices (v1, v2) and realized volatilities420

(w1, w2). As we expect from Table 4, the first component for log daily average prices (v1)421

represents cryptocurrency price trends: rising until May 2021 and the subsequent downturn.422

The second component for log daily average (v2) prices denotes a sudden decrease in the423

value in late December 2020, when the SEC announced its litigation against Ripple. The424

increase in early April 2021 might be caused by investors getting more relaxed about the425

impact of this litigation on XRP [23]. Finally, the second component for realized volatilities426

(w2) displays sharp positive spikes in February and April 2021 caused by XRP and DOGE427

as well as the negative spike in May 2021 due to the high volatility of BTC.428

6.3 ARDL model analysis429

We next delve into our regression analysis with the ARDL model. We determine the lag430

order of autoregressive terms (∆l̂og Nd) and distributed lag terms (∆vi,d and ∆wi,d) to431

minimize the Bayesian information criterion (BIC) [41]. In determining the lag orders, we432

limit ourselves to a maximum lag order of ten for both autoregressive terms and distributed433

lag terms. This means that we consider a lag of up to ten days. Then, we select a model with434

the smallest BIC from those with lag orders higher than or equal to one for all distributed lag435

terms, so that we can construct a UECM representation. Fortunately, models with smaller436

lags yield smaller BIC values than those with higher orders, so our self-imposed limitation437

for the maximum lag order does not affect our results.438

Model Specification: We consider five models, summarized in Table 5, for analyzing the439

influence of cryptocurrency prices on user registrations to a cryptocurrency derivatives market.440

Models 1–3 analyze the effect of model complexity. Models 4 and 5 measure the influence of441

regulatory measures on daily registration by comparing them with Model 3. During model442

selection, we found that models with different combinations of principal components all443

reduced to those listed in Table 5. For example, a model selection starting from a model444

AFT 2023
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Figure 4 First and second components for log daily average prices (top) and realized volatilities
(bottom).

Table 5 Model selection for ARDL analysis

Num. of PCA components
for log daily average prices

(Cum. % of variance)

Num. of PCA components
for realized volatilities

(Cum. % of variance)

Indicator
variables

Model 1 1 (86.0%) 1 (70.3%) No
Model 2 2 (95.4%) 1 (70.3%) No
Model 3 2 (95.4%) 2 (86.6%) No
Model 4 2 (95.4%) 2 (86.6%) Chinese govt. statement

Model 5 2 (95.4%) 2 (86.6%) Chinese govt. statement
+ SEC XRP lawsuit

with the first principal component for log daily prices and the first and second components445

for realized volatilities reduces to Model 1 in optimization.446

6.3.1 Fitting result447

Table 6 summarizes the estimation results for all ARDL regressions. First, our full-fledged448

Model 5 exhibits minimum values for all information criteria. That indicates Model 5 is449

the best among fitted models. Model 4 presents the second-smallest information criteria450

values. These results indicate that adding the indicator variables for controlling regulatory451

measures, as well as the selection of principal components, enhances the explanatory power452

of our ARDL models.453

Second, the first difference of the first principal component (PC1) for the logarithm of454

the daily average price (∆v1,d) significantly influences user registrations. Given the standard455

deviation for the daily registration (log N) and the logarithm of daily average prices (log P̄X)456

in Table 1 and the coefficients for PC1 in Table 4, a 1.0% increase in cryptocurrency prices457

for a given day will roughly drive a 2.0% increase in user registrations in the same day.11
458

11 Due to normalization while constructing the PCA components, we have to multiply the ratio of standard
deviations (

√
V ar(log N)/V ar(log PX)) and the coefficient for constructing PCA (Table 4) to the
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Table 6 ARDL regression results for Models 1–5. The values in parentheses are standard errors.

Model 1 Model 2 Model 3 Model 4 Model 5

Const. (c0) -0.002
(0.010)

-0.005
(0.010)

-0.004
(0.010)

0.038∗∗

(0.015)
−0.041
(0.034)

̂log Nd−1
−0.281∗∗∗

(0.073)
−0.440∗∗∗

(0.096)
−0.477∗∗∗

(0.099)
−0.707∗∗∗

(0.104)
−0.712∗∗∗

(0.099)

∆ ̂log Nd−1
−0.234∗∗

(0.095)
−0.152∗

(0.089)
−0.145∗

(0.090) – –

Log daily average price

v1,d−1
4.193∗∗∗

(1.098)
6.749∗∗∗

(1.474)
7.268∗∗∗

(1.517)
11.384∗∗∗

(1.734)
12.730∗∗∗

(1.695)

v2,d−1 – −1.050∗∗∗

(0.253)
−1.211∗∗∗

(0.275)
−1.401∗∗∗

(0.261)
−2.371∗∗∗

(0.467)

∆v1,d
22.940∗∗∗

(2.506)
26.536∗∗∗

(2.596)
24.339∗∗∗

(3.265)
23.245∗∗∗

(2.958)
24.116∗∗∗

(2.916)

∆v2,d – −4.764∗∗∗

(1.187)
−4.783∗∗∗

(1.170)
−5.091∗∗∗

(1.194)
−6.388∗∗∗

(1.425)
Realized Volatility

w1,d−1
0.960∗∗∗

(0.344)
1.334∗∗∗

(0.336)
1.404∗∗∗

(0.360)
1.990∗∗∗

(0.308)
2.241∗∗∗

(0.341)

w2,d−1 – – 0.588∗∗∗

(0.211)
0.343∗∗

(0.174)
0.488∗∗∗

(0.213)

∆w1,d
2.017∗∗∗

(0.450)
2.136∗∗∗

(0.390)
2.038∗∗∗

(0.328)
1.900∗∗∗

(0.349)
2.028∗∗∗

(0.347)

∆w1,d−1
0.793∗∗∗

(0.220)
0.638∗∗∗

(0.216)
0.594∗∗

(0.235) – –

∆w2,d – – 0.138
(0.303)

0.343
(0.174)

0.177
(0.301)

Indicator variables

ICHN – – – −0.201∗∗∗

(0.047)
−0.145∗∗∗

(0.049)

ISEC – – – – 0.239∗∗

(0.095)

PSS-bounds test
Case-I
(w/o const.) 5.263∗∗∗ 5.395∗∗∗ 4.729∗∗∗ 7.442∗∗∗ 7.442∗∗∗

Case-II
(w const.) 3.969∗∗ 4.411∗∗∗ 4.063∗∗ 6.182∗∗ 6.182∗∗∗

Case-III
(w/o const.) 5.271∗∗ 5.457∗∗∗ 4.779∗∗∗ 7.408∗∗∗ 7.408∗∗∗

Best-fit model UECM(2,1,2) UECM(2,1,1,2) UECM(2,1,1,2,1) UECM(1,1,1,1,1) UECM(1,1,1,1,1)
Num. of observations 292 292 292 292 292
Log-Likelihood 64.647 78.637 82.623 95.690 99.369
AIC -111.294 -135.274 -139.246 -167.380 -172.737
BIC -78.265 -94.905 -91.538 -123.300 -124.984
HQIC -98.061 -119.100 -120.132 -149.721 -153.607
R2 0.325 0.387 0.404 0.454 0.467

***, **, and * represent significance at the 1%, 5%, and 10% level.

This pattern consistently shows up in all models, which indicates that rising cryptocurrency459

prices positively correlate with decisions of potential investors to join the market.460

Third, the first difference of the first principal component for the realized volatilities461

(∆w1,d), i.e., the change in the overall volatility trend, shows a similar influence pattern.462

The same-day increase in the variable (∆w1,d) consistently has a significant impact on the463

daily increase in the number of investors in all models. In the original variables scale, a 0.01464

increase in all realized volatilities causes a 3.0% larger user registration on the same day.465

These influence patterns of (the logarithm of) daily average prices and realized volatilities466

are consistent with often heard narratives about motivations for engaging in cryptocurrency467

investments: cryptocurrency investors are supposedly primarily driven by speculation, so468

coefficient for ARDL in Table 6 to get the coefficient in their original scales.
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cryptocurrency price rise and high volatilities will drive more user participation.469

However, our regression analysis also shows a more complex picture of the factors470

influencing investor behavior. Model 4, which includes the indicator variable that captures471

the potential impact of the Chinese government’s statement (ICHN ), suggests that the472

constant term (c0) is positive and significant at the 5% level. This implies that the daily473

registration increases (log N) by 3.4% every day in the original scale, which is given by474

multiplying ICHN by the standard deviation of log N (= 0.038×0.899), even if cryptocurrency475

prices were stable before the statement was published. However, our analysis shows that476

the Chinese government statement poured cold water on investor enthusiasm. Specifically,477

the influence of ICHN term swallows the constant term, and the sum of these two terms478

(c0 + ICHN ) turns to negative (-0.163), meaning that new registrations will decrease by 14.7%479

(= 0.163 × 0.899) every day in the original scale if cryptocurrency prices are stable. This480

result evidences the strong impact of a specific regulatory issue on investor behavior that is481

not explained by decreasing cryptocurrency prices. Note that the constant term for Model 4482

does not have to be zero, although we employ PCA for both the dependent and explanatory483

variables. This is because the indicator variable (ICHN ) is not centered.12
484

Finally, we consider the effect of the SEC litigation against Ripple on user registrations.485

The constant term (c0) for Model 5 loses significance at the 5% level, and ISEC holds a486

large coefficient of 0.239. So, the constant percentage change in user registrations before487

the lawsuit announcement (c0 + ISEC) is 0.198, suggesting a 17.8% daily increase in user488

registration in its original scale. However, this increase subsided after the litigation was489

announced, once again showing that a regulatory issue impacted user behavior.490

PSS bounds test result: Next, we consider the long-run effect of prices in detail. Since491

marginal effects
(

∂ ̂log Nd+k

∂VX,d

)
for all explanatory variables converge to zero as time goes on492

(see Appendix B), we can consider a stable long-run equilibrium state.493

Since we use normalized variables for regression (see Section 5), the constant terms494

for Models 1–3 are theoretically zero, consistent with the results in Table 6. Hence, the495

appropriate bound test case specification for Models 1–3 is Case-I in Eqn. (2). On the other496

hand, Table 6 shows that the constant term for Model 4 is non-zero at the 1% significance497

level, indicating that Case-II or Case-III are appropriate. There is no theoretical restriction498

to determine the appropriate bound test case specification for Model 5, so we consider499

Case I–III.500

Fortunately, all PSS bounds test results in Table 6 reject the null hypothesis that there is501

no cointegration (i.e., an equilibrium state) between the daily user registration and the price-502

related variables at the 5% significance level. This result strongly suggests the existence of a503

long-run equilibrium relationship between the inflow of new investors to the cryptocurrency504

investment market and cryptocurrency prices.505

Figure 5 shows the observed user registration and the estimation from our cointegrations506

in Models 3–5. It demonstrates that our cointegration replicates the observed data well.507

This result has crucial implications. Since cryptocurrency derivatives are traded on off-chain508

exchanges, investor demographics, such as population, are not fully observable. This can509

cause considerable information asymmetry between market operators and outsiders, such510

as investors and financial regulators. However, our cointegration may be useful as an easy511

12 A linear regression of a normalized dependent variable with normalized explanatory variables requires
that the constant term be zero, as is the case in Models 1–3. However, the sum of the constant term
and the average value of the indicator variable(s) has to be zero when the un-centered variable(s) is/are
integrated. In Model 4, that sum is 0.038 − 0.201 × 61

292 ≃ −4.0 × 10−3, which satisfies this condition.
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Figure 5 The logarithm of daily user registration increase replicated from our cointegration
(solid lines) in Models 3–5 and its observed value (red dashed line)

way to estimate the number of market investors from publicly available price data, thereby512

reducing this information discrepancy.513

6.3.2 Individual cryptocurrency influence514

This section considers the influence of each cryptocurrency on daily user registrations. Since a515

linear algebraic relation connects the original price-related variables and principal components516

(SL = X̂WL), we can derive the coefficients for the daily average prices and realized volatilities517

in their original scale from those for principal components.518

Table 7 summarizes the short-run and long-run multipliers for the daily average prices519

and realized volatilities in Models 3–5 in their original scales.520

Table 7 Long-run and short-run multipliers. The value in the parentheses are standard errors
for estimates.

Model 3 Model 4 Model 5

Multipliers Short-run Long-run Short-run Long-run Short-run Long-run

log P̄BT C
1.145∗∗∗

(0.181)
0.668∗∗∗

(0.035)
1.148∗∗∗

(0.176)
0.633∗∗∗

(0.028)
1.307∗∗∗

(0.194)
0.822∗∗∗

(0.082)

log P̄ET H
0.621∗∗∗

(0.085)
0.378∗∗∗

(0.011)
0.605∗∗∗

(0.079)
0.384∗∗∗

(0.008)
0.653∗∗∗

(0.080)
0.452∗∗∗

(0.028)

log P̄XRP
0.034

(0.112)
0.071∗

(0.037)
−0.025
(0.116)

0.151∗∗∗

(0.031)
−0.146
(0.302)

0.045
(0.054)

log P̄DOGE
0.161∗∗

(0.023)
0.103∗∗∗

(0.003)
0.151∗∗∗

(0.020)
0.112∗∗∗

(0.003)
0.151∗∗∗

(0.020)
0.119∗∗∗

(0.004)

σBT C
1.229∗∗∗

(0.441)
0.638

(0.499)
1.175∗∗∗

(0.447)
1.373∗∗∗

(0.358)
1.178∗∗

(0.444)
1.379∗∗∗

(0.360)

σET H
0.806∗∗∗

(0.308)
0.352

(0.349)
0.773∗∗

(0.311)
0.881∗∗∗

(0.248)
0.771∗∗

(0.309)
0.874∗∗∗

(0.251)

σXRP
0.553∗∗∗

(0.129)
1.211∗∗∗

(0.199)
0.504∗∗∗

(0.116)
0.882∗∗∗

(0.113)
0.566∗∗∗

(0.132)
1.043∗∗∗

(0.155)

σDOGE
0.346∗∗

(0.135)
0.971∗∗∗

(0.195)
0.310∗∗

(0.121)
0.613∗∗∗

(0.111)
0.363∗∗∗

(0.136)
0.750∗∗∗

(0.147)

Const. (µ) - 0.007
(0.020) - −0.054∗∗∗

(0.019) - 0.057
(.050)

CECT (−π0) - 0.477∗∗∗

(0.099) - 0.707∗∗∗

(0.104) - 0.712∗∗∗

(0.099)

***, **, and * represent significance at the 1%, 5%, and 10% level, respectively.

6.3.2.1 Short-run multipliers521

First, we consider the short-run multipliers (∂ log Nd

∂VX,d
), the immediate response of daily522

registration (log Nd) to the change in an explanatory variable (VX,d). Table 7 clearly shows523
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that Bitcoin’s average daily price increase and realized volatility have the largest immediate524

impact on daily user registrations. This result is consistent with the prevailing belief that525

Bitcoin drives cryptocurrency investments. In fact, a 1.0% increase in the daily average526

BTC price will cause a 1.1–1.3% increase in user registrations on the same day, and higher527

volatility can drive registrations further up.528

On the other hand, Ripple (XRP) and Dogecoin (DOGE) show smaller immediate529

impacts from daily average prices and realized volatilities. DOGE appreciation shows positive530

correlations with user registrations in Models 3–5, but the effect magnitude is roughly531

one-tenth that of the BTC price. XRP’s price changes do not seem to have a significant532

effect on user registrations.533

A potential explanation for these sharp differences across cryptocurrencies lies in their534

respective popularity. Price swings in Bitcoin and Ethereum gain a lot more media exposure535

than other cryptocurrencies, which explains the much stronger correlation between the price536

of these currencies, and the changes in user registrations. On the other hand, although537

Dogecoin’s social media popularity skyrocketed in early 2021, we do not observe a strong538

direct immediate impact on user registrations; presumably, because this popularity did not539

immediately percolate to more mainstream media.540

6.3.2.2 Long-run multipliers541

Next, we consider the long-run multipliers for each cryptocurrency (limk→∞
∑k

l=0
∂ log Nd+k

∂VX,d+l
),542

the cumulative influence of the persistent change in an explanatory variable (VX) on the543

daily registration (log N). They show an interesting contrast to short-run multipliers.544

First, we can observe, in Model 5, a reduction in the long-run multiplier for XRP’s daily545

average price when controlling for the SEC Ripple litigation. In Models 3 and 4, where the546

indicator variable ISEC is absent, the long-run multiplier is 0.071 (p-value = 0.053) and547

0.151 (p-value ≃ 0.000), indicating the influence is either significant (Model 4), or very close548

to being significant at the 5% level (Model 3). However, the long-run multiplier for XRP549

is insignificant even at the 10% level in Model 5. This result, combined with insignificant550

short-run multipliers, indicates that the XRP price trends lost any importance as a potential551

investor decision criterion, after the SEC litigation was publicly announced. That is, potential552

investors basically stopped considering XRP prices when thinking about whether they should553

join in the derivatives market. Incidentally, this litigation is still proceeding at the time of554

writing, and is not expected to be resolved between Q3 2023 at the earliest; whether new555

investors are still ignoring XRP prices in their decision-making, or whether the situation has556

reverted to what it was before the public announcement of the suit is an interesting open557

question. (v2 in Figure 4 hints at a possible return to a state of affairs similar to that before558

the SEC litigation.)559

Regarding realized volatilities, the long-run multipliers show that XRP and DOGE have560

larger values than BTC and ETH in Model 3. However, in Models 4 and 5, BTC shows the561

largest impact in both daily average price and realized volatilities, indicating the importance562

of BTC price also with respect to long-term effects. This implies that not explicitly including563

the effects of regulatory measures (especially the one in May) would result in a large estimate564

of the impact of less prominent coins.565

6.3.2.3 Cumulative marginal effect566

Figure 6 shows the cumulative marginal effect (
∑k

l=0
∂ log Nd+k

∂VX,d+l
) of the daily average prices567

and realized volatilities in Models 4 and 5. As we discussed in Section 5, the cumulative568
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marginal effect can be interpreted in two ways. First, it denotes the cumulative marginal569

effect of the change in an explanatory variable (VX) lasting k days. It also shows the570

cumulative effect of the change in an explanatory variable that happens today over the571

future k days (because
∑k

l=0
∂ log Nd+k

∂Vd+l
=

∑k
l=0

∂ log Nd+l

∂Vd
). The result for daily average prices

Figure 6 The cumulative marginal effect of the daily average prices and realized volatilities up to
two weeks in Models 4 (top panels) and 5 (bottom panels), The black dashed line shows the sum of
cumulative marginal effects for BTC and ETH.

572
shows that the effect of price change peaks immediately; the maximum influence comes on573

the day the price rises except for XRP (whose prices, as discussed above, do not have a574

significant short-term impact), and the cumulative effects plateau soon thereafter. In short,575

user registration increases by a lot immediately, and, then, the positive influence gradually576

decreases.577

The effects of the realized volatility also peak within a few days. However, contrary to578

the decreasing trend in daily average prices, the cumulative effects pile up as time goes579

on. The cumulative effects in major coins, BTC and ETH, have a relatively slight gradient580

since the largest impacts manifest themselves on the same day. This means potential581

investors immediately react to a volatile situation. Given the chained volatility increase582

(volatility clustering) between BTC and ETH (and others) documented in several pieces583

of literature [24, 25] – in short, volatility of major coins foster volatile conditions for less584

prominent currencies as well – the sum of the influences of these coins (black dashed line in585

Figure 6) seemingly has a measurable market impact. In contrast, the cumulative effects586

of XRP and DOGE’s realized volatilities accumulate by a large number on the next day587

and the day after that. In short, it takes a longer time for novice crypto investors to digest588

a volatile situation for relatively minor coins. This is an unsurprising result: contrary to589

high volatility in BTC and ETH prices, which can attract high publicity in both traditional590

media and social media, high volatility in less prominent coins, such as XRP and DOGE,591

will attract the attention of fewer people, which in turn will make its immediate effect more592

muted. For instance, as noted above, Dogecoin became a social media darling in early 2021,593

but it took a while for this excitement to propagate to mainstream media, and drive outside594

investors into cryptocurrency trading.595
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7 Conclusion596

From ranking data on the performance of more than eight million investors in a major597

cryptocurrency derivatives exchange, we estimated the evolution of the number of market598

participants from October 1, 2020 to July 20, 2021.599

We graphically observed that the daily increase in the number of users seemed to exhibit a600

strong correlation with major cryptocurrency prices. We formalized this result using the high601

descriptive capabilities of the autoregressive distributed lag (ARDL) model with Principal602

Component Analysis (PCA), which accounts for the idiosyncrasies of our data—numerous603

explanatory variables are not stationary, and are highly correlated.604

We empirically analyzed the relationship between the daily user registrations and metrics605

related to four major cryptocurrencies, Bitcoin, Ethereum, Ripple, and Dogecoin. First,606

we showed evidence of a long-run equilibrium relationship between the daily registration607

increase and the prices of the selected cryptocurrencies. The relation is useful for estimating608

the number of cryptocurrency investors from publicly available price data.609

Second, our analysis shows the significant influence of cryptocurrency prices on investor610

behavior. High price increases and volatility, in general, have the largest impact on user611

registration on the same day. Among the selected cryptocurrencies, the daily average price612

of Bitcoin is the largest contributor; this is unsurprising given Bitcoin’s leading status among613

cryptocurrencies. Ethereum prices also significantly impact the daily user registration. In614

contrast, our analysis shows that Dogecoin prices have a significant but relatively small615

influence on user registration. A striking result of our analysis is that the impact of Ripple616

price fluctuations disappears when we control for the SEC litigation against Ripple Labs, Inc.617

Also, our regression suggests that this lawsuit, and the Chinese government’s statements618

on tightening regulation on cryptocurrency mining and trading have a significant negative619

impact on user registration. These results indicate the powerful influence of regulatory620

measures on investor behavior.621

Our regression analysis also evidences the impact of price volatility. All coins we selected622

show significant short-run and long-run effects of volatility on user registrations. This result623

is consistent with a common narrative that speculation is the primary reason for investors to624

start investing, so high volatility will attract more people to cryptocurrency exchanges.625

However, our analysis also paints a more nuanced picture of the impact of volatility.626

Volatility effects considerably accumulate over time for relatively minor coins, while they are627

much more immediate for major cryptocurrencies. This hints at differences in information628

propagation speed: prominent coins are constantly scrutinized and trends are publicized in629

real-time, while news updates about less prominent coins initially only reach smaller circles630

of enthusiasts, mostly on social media, before eventually percolating to the mainstream.631

As a limitation, we did not comprehensively assess regulatory measures taken in jurisdictions632

besides the USA and China. Investor reactions may differ depending on coin specifics,633

regulation relevance, and jurisdictional importance to exchanges and derivatives trading.634

However, while limited, our analysis clearly documents examples of the critical influence635

regulators can have on investor behavior.636

Overall, our analysis paints a far more nuanced picture than the simplistic narrative that637

cryptocurrency derivatives are purely fueled by short-term speculation. Our empirical analysis638

instead shows potentially complex relationships between prices, volatility, and other factors639

such as regulatory issues. We hope this could be a starting point to help better understand640

investors (especially individuals) decisions to participate in cryptocurrency derivative markets,641

despite the odds being frequently stacked against smaller participants [44].642
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8:24 User participation in cryptocurrency derivative markets

A Cryptocurrency prices779

This section shows the daily average prices and realized volatilities of the cryptocurrencies780

we consider: Bitcoin (BTC), Ethereum (ETH), Ripple (XRP), and Dogecoin(DOGE).781

Figure 7 The daily average prices (upper panels) and realized volatilities (lower panels).

B Convergence of marginal effects782

This section considers the convergence of marginal effects
(

limk→∞
∂ ̂log Nd+k

∂VX,d
= 0

)
.783

We can derive the difference equation for a marginal effect from Eqn. (1) and substitute784

the coefficients with the estimates in Models 1–5 summarized in Table 6. For example, the785

equation for the first principal component of daily average prices (v1,d) in Model 5 is:786

∂ ̂log Nd+k

∂v1,d
= (1 + π0)∂ ̂log Nd+k−1

∂v1,d
= (1 − 0.712)∂ ̂log Nd+k−1

∂v1,d
(k ≥ 2) . (5)787

It clearly shows that the marginal effect converges to zero as k → ∞. We can similarly788

consider the convergence of every marginal effect and confirm that all marginal effects789

converge to zero in the limit k → ∞. This means we can consider long-run multipliers for all790

explanatory variables.791
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