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Abstract
This paper explores the double-edged sword effect of investor attention on market liquidity.
Based on the analysis on 597 cryptocurrencies from 2014 to 2020, our findings show that
static investor attention improves cryptocurrency market liquidity over the next three months
by attracting more investors into the market and stimulating buy and sell transactions. By
contrast, abnormal attention persistently and negatively affects the liquidity and leads to
excessive net buying pressure in the market and a crowded buyers’ market, resulting in a
sharp deterioration of liquidity. Moreover, these effects intensify during low global economic
policy uncertainty periods and for cryptocurrencies with small market capitalization and
low idiosyncratic volatility. Overall, our results have important implications for investors,
portfolio managers, and policymakers.
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1 Introduction

Cryptocurrencies have grown popular in recent years, attractingmany investors owing to their
decentralized structure, anonymity, and low transaction costs. As the number of cryptocur-
rencies surges, cryptocurrency assets are gradually forming their own “ecosystem”, and the
dynamics of the cryptocurrency market has gained considerable attention from researchers
(Cong & He, 2019; Cong et al., 2021a, 2021b; Grobys & Junttila, 2021; Howell et al., 2020;
Liu & Tsyvinski, 2021; Makarov & Schoar, 2020; Sockin & Xiong, 2020).1 However, exist-
ing studies have shown that cryptocurrencies are more regarded as emerging investment
assets (Baur et al., 2018; Blau, 2017; Celeste et al., 2020) rather than as a means of payment.
Liquidity, which reflects an asset’s ability to trade quickly, is crucial for investing in assets.
If cryptocurrency assets lack liquidity, it will increase the transaction cost of investors in the
market, make the market inefficient, and make the prices easier to be manipulated. As the
creation and transaction of cryptocurrencies are entirely supported by blockchain technology,
with no official agency to maintain and regulate, an intriguing question arises: will the liquid-
ity of cryptocurrencies be hurt when they suddenly receive a tremendous amount of investor
attention? Putting it differently, can the unique transaction mechanism of the cryptocurrency
market ensure the stability of its liquidity?

Traditional financial theories usually assume that investors can obtain all relevant infor-
mation and pay sufficient attention to assets in the process of analysis and reaction. Based
on this assumption, the efficient market hypothesis assumes that stock prices fully reflect all
relevant information (Fama, 1970). However, behavioral finance theory holds that attention
is a scarce cognitive resource due to the limited central cognitive processing capacity of the
human brain (Barber & Odean, 2008; Grossman & Stiglitz, 1980; Kahneman & Tversky,
1973). Attention is a necessary prerequisite for recognizing and acquiring information about
assets. When faced with numerous alternative assets, investors tend to prioritize assets with
more information and higher familiarity. A typical example is the local bias effect (Ackert
et al., 2005; Coval &Moskowitz, 1999; Huang et al., 2016; Seasholes & Zhu, 2010), i.e., the
tendency of investors to invest in stocks of local firms they know well. Thus, limited investor
attention easily influences investors’ decision-making behavior (Li & Yu, 2012; Mondria
et al., 2010; Peng, 2005; Peng & Xiong, 2006).

Recently, many studies have shown that investor attention has a significant impact on
the cryptocurrency markets, including returns (Dastgir et al., 2019; Liu & Tsyvinski, 2021;
Philippas et al., 2019; Subramaniam & Chakraborty, 2020; Zhang &Wang, 2020), price dis-
covery (Ibikunle et al., 2020), and volatility (Sabah, 2020; Yao et al., 2021a; Zhang &Wang,
2020). However, little research has focused on the relationship between investor attention and
cryptocurrency market liquidity as well as the role of investor attention in different market
states. This paper bridges this gap by dividing investor attention into static and abnormal
investor attention and exploring the induced impacts on cryptocurrency market liquidity.

Our study extends the literature examining the impact of investor attention on asset liq-
uidity. Merton (1987) proposes the concept of investor cognition and shows that investor
attention is related to stock pricing and liquidity. In the traditional stock markets, relevant

1 For example,Makarov andSchoar (2020) study arbitrageopportunities andprice formation in cryptocurrency
market. Howell et al. (2020) examine the issuer and initial coin offerings (ICO) characteristics that influence
the success of ICOs. Grobys and Junttila (2021) focus on the lottery-like behavior in the cryptocurrency
market. Liu and Tsyvinski (2021) explore the influencing factors of cryptocurrency returns. Other studies
propose theoretical models applicable to the cryptocurrency market (Cong and He, 2019; Cong et al., 2021a;
Cong et al., 2021b; Sockin and Xiong, 2020).
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studies indicate that investor attention can enable investors to obtain more effective infor-
mation, alleviate the problem of information asymmetry, increase investors’ trading activity,
and thus improve stock liquidity (Aouadi et al., 2013; Bank et al., 2011; Ding & Hou, 2015;
Grullon et al., 2004). Specifically, Grullon et al. (2004) employ the firms’ advertising expen-
diture to study the influence of investor attention on stock liquidity. They find that advertising
expenditure has a significant positive relationship with the number of investors and stock liq-
uidity. Bank et al. (2011) use the Google search index to measure investor attention and
explore the impact of investor attention on stock market liquidity. They find that the increase
in Google search leads to an increase in stock trading activities and liquidity, mainly due
to the reduction of information asymmetry. In addition, Ding and Hou (2015) indicate that
investor attention is a necessary condition for a firm to be recognized. Moreover, investors’
attention expands the firm’s reputation and significantly improves the stock liquidity. The
above research suggests that investors’ attention can arouse the interest of potential investors
who can collect relevant information to reduce information asymmetry, thus driving them to
participate in trading and improve stock liquidity. Due to a large number of cryptocurrencies
and the imperfect information transparency, a sustained high level of attention for a particular
cryptocurrency over a certain period can attract more investors and lead to more frequent buy
and sell activities. Therefore, we expect that static investor attention can enhance the willing-
ness to buy and sell at the same time and thereby improve the liquidity of the cryptocurrency
markets.

Previous studies often employ abnormal attention as an alternative proxy of investor
attention in the robustness tests (Da et al., 2011; Ding & Hou, 2015; Drake et al., 2012).
A consensus is that abnormal attention significantly improves stock liquidity (Adachi et al.,
2017; Takeda & Wakao, 2014). However, Cheng et al. (2021a) document that the impact
of retail investors’ abnormal attention on stock liquidity improvement gradually weakens
and even reverses in the long run. For stocks that generate an unusual increase in investor
attention, investors buy far more than sell, resulting in mismatched orders and reducing the
asset liquidity.

Cryptocurrency markets provide an ideal environment for our study on the double-sided
nature of investor attention, due to their specific characteristics such as a larger proportion of
retail investors than the stockmarket,2 the absence of links to explicit economic fundamentals
(Koutmos, 2018; Nadarajah & Chu, 2017), and the speculative trading (Baur et al., 2018;
Cheah & Fry, 2015; Corbet et al., 2018; Fry & Cheah, 2016). Moreover, since their trading
mechanism is mainly order-driven, the liquidity supply is endogenous and mainly provided
by the traders through the submission of orders. Under extreme conditions, investors have no
obligation to provide liquidity to keep the market running smoothly. The uniqueness of the
cryptocurrency markets’ trading mechanism thus makes them more vulnerable to the impact
of external events.

The liquidity in the cryptocurrency markets may also worsen due to the crowding effect
following an unusual increase in investor attention. On the one hand, the latter drives up
investors’ net buying behavior because the increased attention helps solve the search problem
they face when choosing assets to buy (Barber & Odean, 2008). When a large number of
investors gather in the buying direction, the market will become “crowded”, and it will be
more difficult for the buyer to match the right seller, resulting in increased transaction costs
and reduced liquidity. On the other hand, reduced trading frictions can further exacerbate the
crowding effect and liquidity deterioration (Afonso, 2011). The increased abnormal attention

2 Retail investors aremore attention-driven than institutional investors (Barber andOdean, 2008), which could
result in a stronger and more lasting impact on cryptocurrency liquidity.
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can alleviate the search problem and reduce information asymmetry, attracting more buyers
to enter the market and leading to a serious imbalance between buying and selling sides.

Our results, basedon the analysis of 597 cryptocurrencies over the 2014–2020period, show
that static investor attention significantly improves cryptocurrency liquidity, particularly over
the next three months. By contrast, the increased abnormal investor attention significantly
reduces cryptocurrency liquidity due to a severe imbalance of buy-sell pressure in the market
and the deterioration of cryptocurrency liquidity. This negative impact can last up to 97 days.
In addition,wefind that static investor attention leads to better improvement of cryptocurrency
liquidity for the sample with low economic policy uncertainty, small market capitalization,
and low idiosyncratic volatility. As to the negative impact of abnormal investor attention on
cryptocurrency liquidity, it is stronger in the sample with high economic policy uncertainty,
large market capitalization, and high idiosyncratic volatility.

Overall, themain contributions of this paper are twofold. It first contributes to the literature
regarding investor attention’s impact on cryptocurrency market liquidity by considering a
large dataset of cryptocurrencies.3 To date, Urquhart (2018) explores the factors leading to
the attention of Bitcoin and finds that volatility and trading volume are significant drivers.
Lin (2020) finds that past cryptocurrency returns influence future investor attention. Dastgir
et al. (2019) document a bi-directional causal relationship between bitcoin attention and
returns. Besides, some studies examine the impact of investor attention on the price (Li
et al., 2021a; Liu & Tsyvinski, 2021; Philippas et al., 2019; Subramaniam & Chakraborty,
2020), volatility (Sabah, 2020; Shen et al., 2019), and price discovery (Ibikunle et al., 2020)
of Bitcoin or a few cryptocurrencies. However, existing studies mainly investigate investor
attention’s impact on Bitcoin (Choi, 2021; Dastgir et al., 2019; Ibikunle et al., 2020; Philippas
et al., 2019; Shen et al., 2019) or major cryptocurrencies (Li et al., 2021a; Subramaniam &
Chakraborty, 2020). Among these studies, only Choi (2021) uses intraday data to examine
real-time effects of tweets on Bitcoin liquidity and finds evidence that investor attention
improves Bitcoin liquidity in real time, and the positive impact decays after approximately
an hour.4

Second, our studyprovides unique empirical evidence regarding investor attention’s effects
on asset liquidity in that investor attention is a double-edged sword for cryptocurrency liq-
uidity. For instance, existing empirical studies on the stock market consistently conclude that
both static and abnormal investor attention significantly improve the liquidity in the short
term (Adachi et al., 2017; Aouadi et al., 2013; Bank et al., 2011; Ding & Hou, 2015; Ruan
& Zhang, 2016). Moreover, the validity of the classic “investor cognition hypothesis” in
the stock market suggests that increased attention can enhance the visibility and popularity
of firms, expand their investor base, make transactions more active, and thus significantly
improve liquidity. However, we find that the abnormal increase in investor attention harms
the liquidity of the cryptocurrency market. We argue that this unique finding is associated
with cryptocurrency market’s special investor structure and specific characteristics. On the
one hand, the cryptocurrency market is dominated by retail investors and not supported by

3 They are selected from an initial dataset of 3,553 cryptocurrencies and account for more than 95% of the
total market capitalization of cryptocurrencies. Cryptocurrencies with small market value and low popularity
are also included to explore their heterogeneous characteristics in terms of investor attention – liquidity
relationship.
4 Our study differs from Choi (2021) in several aspects. Choi (2021) examines tweets’ effects on Bitcoin
liquidity, while we use the Google search volume index to measure investor attention, decompose the latter
into static attention and abnormal attention, and investigate their effects on the liquidity of a large number of
cryptocurrencies. We also bring new empirical insights because the impact of the static and abnormal investor
attention on cryptocurrency market liquidity is not alike, which has important implications for trading and
regulation policy.
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fundamental values, making it more sensitive to investor attention. On the other hand, due to
the lack of official market makers and regulatory authorities, cryptocurrency liquidity comes
entirely from matching orders submitted by buyers and sellers in the market, and no agency
has an obligation to maintain the liquidity and smooth operation of the market. This feature
foreshadows the negative impact of abnormal attention on cryptocurrency liquidity.Abnormal
attention triggers a large influx of investors, resulting in the accumulation of buy orders and
the intensification of net purchase pressure in the market. As a result, it is difficult to quickly
match the right seller to complete the transaction and liquidity is poor. Our finding thus
confirms the crowding effect in Afonso (2011), broadens a new perspective on the impact of
investor attention on liquidity, and has important practical implications. Indeed, they provide
a liquidity risk warning for investors and portfolio managers investing in cryptocurrencies,
particularly those with large market value and high idiosyncratic volatility during periods of
high global economic policy uncertainty. Regulators might, for their part, elaborate policies
that help protect investors from losses due to cryptocurrency trading.

The rest of this paper is structured as follows. Section 2 introduces the data source, variable
construction, and research design. Section 3 presents our empirical results. Section 4 reports
the results of further robustness analysis. Section 5 summarizes the paper and provides
potential implications.

2 Data andmethodology

2.1 Data source and sample selection

The cryptocurrency data of our sample comes from two datasets. First, we collect the daily
trading data of cryptocurrency markets from CoinMarketCap,5 including opening price, high
price, low price, closing price, trading volume and market capitalization. Since CoinMarket-
Cap provides public and comprehensive historical data of daily cryptocurrency transactions,
this dataset has beenwidely used (e.g., Köchling et al., 2019; Liu et al., 2020; Liu&Tsyvinski,
2021; King & Koutmos, 2021).

Second, to analyze the role of investor trading behavior, we employ the U.S. dollar-
denominated cryptocurrency 5-min order book and tick-by-tick data fromBitfinex exchange.
We obtain this dataset from Kaiko,6 a private data provider that has been collecting trading
information about cryptocurrencies since 2014. In addition, Google search volume index
(GSV) measuring investor attention is available from Google Trends.7

We exclude cryptocurrencies that have a price history less than a year or have zero Google
searches over half of the sample period. Finally, we get 583,003 cryptocurrency-day observa-
tions from597 cryptocurrencies, covering the period from27December 2013 to 30November
2020.8 These 597 cryptocurrencies account for more than 95% of the total market value of
all cryptocurrencies, which can fully reflect the whole picture of the cryptocurrency market.
Panel A of Table 12 shows the list of 597 cryptocurrencies.

5 http://www.coinmarketcap.com.
6 Makarov and Schoar (2020), Tiniç et al. (2020) and Akyildirim et al. (2021) also use this database.
7 http://www.google.com/trends.
8 We downloaded daily dataset from April 2013 via coinmarketcap.com. However, since some cryptocurren-
cies have insufficient data points for our cross-sectional analysis, the earliest date of our sample is 27December
2013.
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It is worth noting that the Kaiko’s tick-by-tick data includes the price and the correspond-
ing dollar trading volume for each transaction, a UNIX time stamp in milliseconds and a
trade indicator to sign the transaction as buyer- or seller-initiated. An order book snapshots
contain all prices and dollar trading volumes of bids and asks within the 5-min period, as
well as the price, dollar trading volume and trade indicator of the last transaction. Restricted
by the availability of cryptocurrency order book data, we obtained a sample data of only 34
cryptocurrencies from 27 April 2015 to 22 June 2018.9 The abbreviations of these cryptocur-
rencies are reported in Panel B of Table 12.

All weekly and monthly variables are averaged from daily variables. In order to mitigate
the potential influence of outliers, all continuous variables are winsorized at 1% at both tails.

2.2 Main variables

2.2.1 Investor attention

Phillips andGorse (2018) employWikipedia views as a proxy for investor attention toBitcoin,
Ethereum, Litecoin, and Monero. Shen et al. (2019), Philippas et al. (2019), and Choi (2021)
use the number of tweets as a measure for investor attention to Bitcoin. These studies only
focus on the measure of investor attention to Bitcoin or a few well-known cryptocurrencies,
while our study is based on 597 cryptocurrencies that are actively traded in the cryptocurrency
market. Twitter orWikipedia data can only capture the investor attention of some high-profile
cryptocurrencies,which is not sufficient for our study.However, in the cryptocurrencymarket,
there is no unified trading platform that allows investors to trade all cryptocurrency assets
freely, so there is no platform that provides scholars with investor attention index calculated
by the venue itself. Also, there is a limitation on the number of cryptocurrency social media
forums or websites where global investors can discuss and express their views on a particular
cryptocurrency. Google search engine, as the largest search engine in the world, provides
Google search volume index (GSV) formost cryptocurrencies. Therefore,we followUrquhart
(2018), Ibikunle et al. (2020), Cretarola and Figà-Talamanca (2021), and Liu and Tsyvinski
(2021) in employing Google search volume index (GSV) as a primary measure of investor
attention on the cryptocurrency market.

Following Da et al. (2011), Ding and Hou (2015), Lin (2020) and (Li et al., 2021a),
we use the natural logarithm of Google search volume index (GSV) provided by Google
Trends as a proxy for static investor attention. Specifically, we employ the full name of the
cryptocurrency asGoogle search keywords, and then use theweb crawler technology to obtain
the daily GSV of the corresponding cryptocurrency during the sample period. Meanwhile,
in order to capture the abnormal changes of investor attention, we construct the abnormal
investor attention index according to Jiang et al. (2019) and Cheng et al. (2021b):

D_ABGSV i,t = lnAtt i,t − Average(lnAtt i,(t−30,t−1))

Average(lnAtt i,(t−30,t−1))
(1)

where lnAtt i,t is daily investor attention to cryptocurrency i on day t, and
Average(lnAtt i,(t−30,t−1)), the mean of daily investor attention for cryptocurrency i over
the past 30 days, denotes the normal or time-trend level of investor attention. Therefore,
D_ABGSV i,t refers to the deviation of investor attention after removing the time trend,
namely, abnormal investor attention.

9 This sample interval is limited because the order book data we purchased from Kaiko is only available from
27 April 2015 to 22 June 2018.
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In the robustness test, we construct an alternative measure of abnormal attention
(D_ABGSV 2i,t ) by excluding the time-trend level of investor attention in the past 60 days
according to Eq. (1). Moreover, following Da et al. (2011) and Ding and Hou (2015), we
calculate the third indicator to measure abnormal attention.

D_ABGSV 3i,t = log(Atti,t + 1) − log[Med(Atti,t−1, . . . , Atti,t−60) + 1] (2)

where Atti,t is the daily Google search volume for cryptocurrency i on day t, and
Med(Atti,t−1, . . . , Atti,t−60) is the median of the daily Google search volume for cryp-
tocurrency i over the past 60 days.

Referring to Shen et al. (2019) and Liu and Tsyvinski (2021), we adopt the number of
Twitter posts as an alternative proxy for investor attention.We use theweb crawler technology
to download the daily Twitter post counts of cryptocurrencies from https://bitinfocharts.com/,
and finally get the dataset of 230 cryptocurrencies from April 9, 2014 to November 30, 2020.
The variable of static attention is the natural logarithm of the daily Twitter post counts plus
one,while the constructionmethod of abnormal attention (D_ABTweetsi,t ) refers to Eq. (1).

2.2.2 Cryptocurrency liquidity

Amihud illiquidity ratio (Amihud, 2002) takes the speed, width and depth of liquidity into
consideration and fully reflects the level of three-dimensional composite liquidity, which
is also a common proxy for liquidity in the study of cryptocurrency markets (Loi, 2018;
Scharnowski, 2021; Tiniç et al. 2020)). Therefore, we also use Amihud illiquidity ratio to
measure the liquidity of cryptocurrencies, and the specific calculation process is as follows:

I LL I Qi,t = ln

( ∣∣Ri,t
∣∣

Qi,t/106
+ 1

)
(3)

where Ri,t and Qi,t are respectively the logarithmic return and dollar trading volume of
cryptocurrency i on day t. Considering the great difference of liquidity among different
cryptocurrencies, we expand the ratio of the absolute return to the dollar trading volume by
106 times, and then take the natural logarithm10 to get the Amihud illiquidity ratio. From
the construction of Amihud illiquidity ratio, we can intuitively see that cryptocurrencies with
poor liquidity need less trading volume to change their prices.

Regarding the robustness tests, we construct alternative liquidity measures. First, we
employ the opening and closing prices to calculate Amihud (2002) illiquidity ratio (lnAmi-
hudOC) according to Eq. (3)11. Second, as the Amihud illiquidity ratio is characterized by
extreme value, we take the square root of both ILLIQ and lnAmihudOC to obtain adjILLIQ
and adjlnAmihudOC according to Hasbrouck (2009) and Asparouhova et al. (2010). Third,
the illiquidity index is calculated according to Kyle and Obizhaeva (2016) by the following
formula:

Kylei,t =
⎡
⎣ σ 2

i,T (R)∑
T Qi,t

⎤
⎦
1/3

(4)

where T = 30 days, i.e., we use a rolling window of 30 days to calculate Kyle for each day.

σ 2
i,T (R) is the mean of the squared returns over 30 days, and

∑
T Qi,t is the sum of the dollar

10 The original illiquidity index calculated by Amihud (2002) has a very high positive skewness (8.708), so
we take the natural logarithm following Edmans et al. (2013).
11 We use the closing price of day t divided by the opening price of day t minus one to get the return of day t.
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trading volume. We use the natural logarithm of Kyle plus one (lnKyle) for regressions, with
a larger lnKyle implying lower liquidity for cryptocurrencies.

Fourth, we construct three high-frequency liquidity indicators using 5-min order book
data: quoted spread, effective spread, and price impact, with the following formulas.

QSi,t = Aski,t − Bidi,t
MQi,t

(5)

ESi,t = 2 × ∣∣Pricei,t − MQi,t

∣∣
MQi,t

(6)

P I i,t = D+
i,t × (MQi,t+1 − MQi,t )

MQi,t
(7)

where Aski,t and Bidi,t refer to the best ask price and the best bid price for cryptocurrency i
at time t, respectively.MQi,t is the quotemidpoint for cryptocurrency i at time t, measured as
the mean of Aski,t and Bidi,t .Pricei,t is the price at which cryptocurrency i is traded at time
t, and D+

i,t is the transaction direction of cryptocurrency i at time t (+ 1 for a buyer-initiated
trade and -1 for a seller-initiated trade). Then we average QSi,t , ESi,t and P I i,t over the
day to get the daily D_QSi,t+1, D_ESi,t+1 and D_P I i,t+1.

2.2.3 Control variables

Following Yao et al. (2019), Ibikunle et al. (2020), Subramaniam and Chakraborty (2020)
and Yao et al. (2021b), we add ten control variables that may affect liquidity of the cryp-
tocurrency market into the panel model. Taking the daily variable as an example, the
control variables include the market value (D_lnSi zei,t ), closing price (D_lnPricei,t ),
the listing month (D_lnAgei,t ), trading volume (D_lnV olumei,t ), maximum daily return
(D_MAXi,t ), reversal (D_REV Li,t ), momentum (D_MOMi,t ), idiosyncratic volatility
(D_I V OLi,t ), co-skewness (D_Coskewi,t ) and idiosyncratic skewness (D_I skewi,t ) of
cryptocurrency i on day t. Specifically, according to Ang et al.(2006), Zhang and Li (2020)
andXing et al. (2021), we define idiosyncratic volatility as the standard deviation of the resid-
uals in Eq. (8). Following Harvey and Siddique (2000), Kumar (2009) and Li et al., (2021b),
co-skewness is the component of cryptocurrency i’s skewness that is associated with the
market portfolio skewness, that is, the estimated γ̂i from Eq. (9). Idiosyncratic skewness is
the rest after eliminating systematic skewness, which is calculated as the skewness of the
residual estimated by Eq. (9).

Ri,t − r f ,t = αi,t + βi,t (Rm,t − r f ,t ) + εi,t (8)

Ri,t − r f ,t = αi,t + βi,t (Rm,t − r f ,t ) + γi,t (Rm,t − r f ,t )
2 + εi,t (9)

where Ri,t is the return of cryptocurrency i on day t and r f ,t represents the risk-free return on
day t, which is measured by US three-month Treasury yield. Rm,t , the cryptocurrency market
return, is the value-weighted average return of all cryptocurrencies traded in themarket on day
t.βi,t denotes the sensitivity of cryptocurrency i to the variance risk of cryptocurrencymarket,
and γi,t indicates the sensitivity of cryptocurrency i to the skewness risk of cryptocurrency
market. For each cryptocurrency, we use the within-month daily return data to estimate Eqs.
(8) and (9), and the estimates are updated monthly.
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2.3 Baselinemodels

Since static investor attention is primarily aimed to measure the level of investor attention
to the cryptocurrency, it has a long-term lasting impact on liquidity of the cryptocurrency
market. While abnormal attention focuses on measuring the abnormal change of investor
attention, which has a significant impact in the short term. Therefore, this paper explores the
impact of static attention on liquidity of the cryptocurrency market on a weekly and monthly
basis, and the impact of abnormal attention on a daily basis.

We use a two-way fixed-effect regression model to eliminate the unobserved endogene-
ity problems associated potentially with individual and time variations of cryptocurrencies.
This model also helps explore the internal mechanism of investor attention’s impact on cryp-
tocurrency liquidity and conduct conditional analysis considering the heterogeneity among
cryptocurrencies. To explore the weekly impact of static investor attention on liquidity of the
cryptocurrency market, we construct the following regression model:

W_I LL I Qi,t+n = λ0 + λ1W_lnAtti,t +
∑
k

δkW_Controlsk,i,t +
∑

Cryptocurrency

+
∑

T ime + εi,t+n (10)

where W_I LL I Qi,t+n is the Amihud illiquidity ratio of cryptocurrency i in week t +
n (n = 0, 1, 2, …), and W_lnAtt i,t is the static investor attention of cryptocurrency
i in week t. W_Controls is a set of control variables on a weekly basis, including
W_lnSi zei,t , W_lnPricei,t , W_lnAgei,t , W_lnV olumei,t , W_MAXi,t , W_REV Li,t ,
W_MOMi,t , W_I V OLi,t , W_Coskewi,t and W_I skewi,t . Table 11 in the “Appendix”
provides the definitions and calculation methods of all control variables used in our analysis.∑

Cryptocurrency and
∑

T ime indicate that cryptocurrency and month fixed effects are
controlled to mitigate the impact of the sample’s heterogeneity. In addition, the standard
errors are clustered at the cryptocurrency level, as proposed by Petersen (2009).

To explore the long-term impact of static investor attention on liquidity of the cryptocur-
rency market, we construct a similar model on a monthly basis:

M_I LL I Qi,t+n = λ0 + λ1M_lnAtti,t +
∑
k

δkM_Controlsk,i,t

+
∑

Cryptocurrency +
∑

T ime + εi,t+n (11)

where M_I LL I Qi,t+n is the Amihud illiquidity ratio of cryptocurrency i in month t + n (n
= 0, 1, 2, …), and M_lnAtt i,t is the static investor attention of cryptocurrency i in month t.
M_Controls is a set of control variables on a monthly basis, which is similar to the control
variables used in the weekly model. Cryptocurrency and month fixed effects are controlled
for and the standard errors are clustered at the cryptocurrency level. Table 11 gives a detailed
description of the definitions and calculation methods of all variables.

On a daily basis, we adopt a two-way fixed effect model to study the impact of abnormal
attention on liquidity of the cryptocurrency market.

D_I LL I Qi,t+n = λ0 + λ1D_ABGSVi,t +
∑
k

δkD_Controlsk,i,t +
∑

Cryptocurrency

+
∑

T ime + εi,t+n (12)

where D_I LL I Qi,t+n is the Amihud illiquidity ratio of cryptocurrency i on day t + n (n =
0, 1, 2, …), and D_ABGSV i,t is the abnormal investor attention of cryptocurrency i on day
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t. D_Controls is a set of control variables on a daily basis, which is similar to the control
variables used in the weekly and monthly model.12 The definitions and calculation methods
of the corresponding variables are explained in the Table 11.

3 Empirical analyses

3.1 Descriptive statistics and correlations

In this section, we conduct descriptive statistics and correlation analysis on all variables used
in the weekly panel regression model of static investor attention. The Table 11 provides the
definitions of all corresponding variables.

As can be seen from Table 1, the mean and median of static investor attention (W_lnAtt)
are close to the maximum, showing a left-skewed distribution. The standard deviations of
W_ILLIQ, W_lnSize, W_lnVolume and W_Coskew are respectively 5.494, 5.209, 4.141 and
21.710, indicating that liquidity, market value, trading volume and co-skewness of differ-
ent cryptocurrencies are significantly different. In the subsequent study on the impact of
investor attention on liquidity of the cryptocurrency market, we need to further consider the
heterogeneity among different cryptocurrencies.

Table 2 reports the correlation coefficients of all variables in the weekly regression model
based on static investor attention. As reported in the table, there is a significant negative
correlation between static investor attention (W_lnAtt) and the Amihud illiquidity ratio of
the cryptocurrency market (W_ILLIQ) at the level of 1%, indicating that the higher the static
investor attention, the better the liquidity of the cryptocurrency market. Moreover, most of
the Pearson correlation coefficients among the variables are less than 0.5, and thus there is
no serious multicollinearity problem in the regression model.

3.2 Static investor attention

3.2.1 Weekly effect of static investor attention on cryptocurrency markets’ liquidity

We first adopt a two-way fixed effect model to investigate the impact and duration of static
investor attention on liquidity of the cryptocurrency market on a weekly basis. To save space,
Table 3 only shows the regression results of how static investor attention affects liquidity of
the cryptocurrency markets for the current and next 6 weeks. The coefficient of W_lnAtt i,t
is significantly negative at the level of 10% in the cases with n = 0, and the coefficients are
significantly negative at the level of 5% in the cases with n = 1, 2, …, 6. The above findings
suggest that static investor attention can significantly improve current and future liquidity
of the cryptocurrency market. For example, the coefficient of W_lnAtt i,t in column (2) is
− 0.112, which indicates that a one standard deviation increase in static investor attention
increases the standard deviation of next week’s cryptocurrency market liquidity by 1.415%
(0.112 × 0.694/5.494) on average. This evidence is consistent with the conclusion of Bank
et al. (2011) and Ding and Hou (2015). Moreover, our untabulated weekly regression results
show that static investor attention can significantly boost cryptocurrency liquidity for up to
14weeks. These results suggest that the higher the static investor attention to a cryptocurrency,
themore investorswill be inclined to tradewith the cryptocurrency they know and are familiar

12 At the same time, we also control the week fixed effect as robustness tests, and the untabulated results show
that the conclusions remain unchanged.
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with, resulting in a surge of attention-driven trading behavior, which significantly improves
the liquidity of the cryptocurrency markets.

We adopt alternative measures of cryptocurrency liquidity and investor attention to con-
duct robustness tests, respectively. The regression results, shown in Table 13, indicate that
replacing measures of cryptocurrency liquidity and static attention has no impact on our
findings, i.e., static attention significantly improves cryptocurrency market liquidity.

3.2.2 The monthly effect of static investor attention on liquidity of the cryptocurrency
market

In order to further explore the long-term impact of static investor attention on liquidity of the
cryptocurrencymarkets, we then conduct the empirical analysis on amonthly basis. Similarly,
using the two-way fixed effect model, we estimate Eq. (11) and present the regression results
in the cases for n = 0, 1, 2, …, 6. As shown in Table 4, the coefficients of M_lnAtt i,t are
significantly negative in the cases where n = 0, 1, 2, 3, 4, while they are no longer significant
with n > 4. Therefore, we can see that on a monthly basis, static investor attention also
significantly improves the liquidity of the cryptocurrency markets, and this positive effect
can last for the next three months. For instance, the coefficient of M_lnAtt i,t in Column (2)
is − 0.204, suggesting that a one standard deviation increase in the monthly static attention
is associated with a 2.369% (0.204 × 0.636/5.476) increase in the standard deviation of
cryptocurrency liquidity in the following month.13 This result is in line with the conclusions
of weekly regression, verifying the positive effect of static investor attention on the liquidity
of the cryptocurrency market and the duration of the impact.

Similar to the weekly robustness test, we adoptM_lnAmihudOC,M_lnKyle, M_adjILLIQ
and M_adjlnAmihudOC as alternative measures of cryptocurrency liquidity and use
M_lnTweets to replace the measure of monthly static attention. All of our monthly results
remain robust, according to Table 14.

3.2.3 Channel analysis of static investor attention on a weekly basis

Existing studies suggest that the price dynamics of cryptocurrencies are mainly driven by
investors’ trading behavior (Baek & Elbeck, 2015; Li et al., 2021a). We thus attempt to
identify the role of investor trading behavior in static investor attention’s improving effect
on liquidity of the cryptocurrency markets. Following Kim et al. (2016) and Chen et al.
(2018), we adopt the two-step regression method to conduct the channel tests. Specifically,
we first examine the impact of static investor attention on the overall buying and selling
activity of investors in the cryptocurrency markets. Then, we test whether the overall buying
and selling behavior of investors will affect the liquidity of the cryptocurrency markets. The
corresponding model is constructed as follows:

W_lnBuySumi,t orW_lnSellSumi,t = λ0 + λ1W_lnAtti,t +
∑
k

δkW_Controlsk,i,t

+
∑

Cryptocurrency +
∑

T ime + εi,t (13)

W_I LL I Qi,t+1 = λ0 + λ1W_lnBuySumi,t orW_lnSellSumi,t +
∑
k

δkW_Controlsk,i,t

13 The standard deviations of M_lnAtti,t and M_I LL I Qi,t is 0.636 and 5.476, respectively.
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+
∑

Cryptocurrency +
∑

T ime + εi,t+1 (14)

where W_lnBuySumi,t and W_lnSellSumi,t are respectively the total amount of buyer-
and seller-initiated trade of cryptocurrency i in week t.

∑
Cryptocurrency and

∑
T ime

indicate that cryptocurrency andmonth fixed effects are controlled for.All variable definitions
are shown in Table 11.

The coefficients ofW_lnAtt i,t in columns (1) and (3) of Table 5 are both significantly pos-
itive at the 1% level, which implies that static investor attention increases the overall buying
and selling activities of investors simultaneously. While the coefficients ofW_lnBuySumi,t
in column (2) and W_lnSellSumi,t in column (4) are both significantly negative at the 1%
level, indicating that investors’ buying and selling activities enhance the liquidity of the cryp-
tocurrency markets. Intuitively, increased static attention will imply that more investors are
interested in cryptocurrency assets and actively search for relevant information, improving
their visibility and popularity, further attracting more investors to participate in the market,
and expanding the investor base (Ding & Hou, 2015; Grullon et al., 2004). Therefore, static
investor attention increases both the buying and selling activity of investors at the same time,
which makes investors in the cryptocurrency market trade more actively, thus significantly
improving the liquidity of cryptocurrency market.

3.3 Abnormal investor attention

3.3.1 The daily effect of abnormal investor attention on liquidity of the cryptocurrency
market

Next, we analyze the impact of abnormal investor attention on liquidity of the cryptocurrency
markets. Considering that the abnormal changes in investor attentionmay have a sudden effect
on the liquidity of cryptocurrency markets, we use daily data for regression estimation. The
specific regressionmodel is shown in Eq. (12), and we only report the regression results in the
cases with n= 0, 1, 2,…, 6 in Table 6. Evidence shows that the coefficients of D_ABGSV i,t

are significantly positive at the level of 1% and 5%, that is, the higher the abnormal investor
attention is, the worse the liquidity of the cryptocurrency markets. For example, the coeffi-
cient of D_ABGSV i,t in column (2) is 0.033, which shows that a one standard deviation
increase in daily abnormal attention leads to a 0.367% (0.033 × 0.578/5.204) decrease in
the standard deviation of next day’s cryptocurrency liquidity on average.14 Moreover, the
abnormal investor attention has a stronger weakening effect on the liquidity of cryptocur-
rencies on the first day with increased attention. The above results preliminarily confirm our
previous conjecture that the abnormal increase of investor attention leads to the deterioration
of cryptocurrencies’ liquidity.

To further explore how long the abnormal investor attention can affect the liquidity of the
cryptocurrency market, Table 7 reports the regression results in the cases with n = 10, 20,
30, …, 110. It can be seen that the coefficients of D_ABGSV i,t are significantly positive in
the cases with n≤ 90, implying that the negative impact of abnormal attention on liquidity of
the cryptocurrency market has a certain persistence. In the unreported regression results, we
find that the negative impact of abnormal attention on liquidity of the cryptocurrency market
persists until the 97th day, and then the impact is no longer robust and significant. The negative
impact of abnormal attention on liquidity of the cryptocurrency market lasts much longer
than we expected, which also shows the immature characteristics of cryptocurrency markets

14 The standard deviation of D_ABGSV i,t is 0.578, and the standard deviation of D_I LL I Qi,t is 5.204.
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Table 5 Channel analysis of static investor attention on a weekly basis

Dependent variables
=

W_lnBuySumi,t W_I LL I Qi,t+1 W_lnSellSumi,t W_I LL I Qi,t+1

(1) (2) (3) (4)

W_lnAtti,t 0.149*** 0.129***

(0.053) (0.049)

W_lnBuySumi,t − 0.033***

(0.006)

W_lnSellSumi,t − 0.034***

(0.006)

W_lnSi zei,t 0.026* − 0.001 0.021 − 0.001

(0.014) (0.002) (0.013) (0.002)

W_lnPricei,t 1.135*** 0.030** 1.088*** 0.030**

(0.077) (0.015) (0.072) (0.015)

W_lnAgei,t 0.021 0.047*** − 0.028 0.045***

(0.077) (0.013) (0.071) (0.013)

W_MAXi,t 0.197 − 0.276** 0.346 − 0.272**

(0.626) (0.109) (0.583) (0.110)

W_REV Li,t 0.336*** 0.015 0.334*** 0.016

(0.080) (0.014) (0.074) (0.014)

W_MOMi,t − 0.072* 0.009 − 0.041 0.010

(0.043) (0.008) (0.040) (0.008)

W_I V OLi,t 9.842*** 1.906*** 8.951*** 1.882***

(2.240) (0.395) (2.088) (0.395)

W_Coskewi,t 0.002 0.000 − 0.001 − 0.000

(0.003) (0.001) (0.003) (0.001)

W_I skewi,t − 0.032 0.000 − 0.038 0.000

(0.039) (0.007) (0.036) (0.007)

Constant 9.118*** 0.488*** 9.156*** 0.499***

(0.825) (0.147) (0.769) (0.149)

Month FE Yes Yes Yes Yes

Crypt FE Yes Yes Yes Yes

Observations 1105 1063 1105 1063

Adjusted R2 0.817 0.072 0.830 0.070

This table shows the role of investor trading behavior in the weekly impact of static investor attention on
liquidity of the cryptocurrency market. Columns (1) and (3) respectively report the impact of static investor
attention on the investors’ buying and selling activities, while columns (2) and (4) respectively show the
impact of investors’ overall buying and selling behavior on liquidity of the cryptocurrency market. All variable
definitions are shown in Table 11. All continuous variables are winsorized at 1% and 99%. Cryptocurrency
and month fixed effects are controlled for and the standard errors are adjusted at the cryptocurrency level.
Robust standard errors are presented in parentheses. *, **, and *** indicate significance at the 10%, 5%, and
1% levels, respectively
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Table 6 The daily effect of abnormal investor attention on liquidity of the cryptocurrency market

Dependent variable = D_I LL I Qi,t+n

(1) (2) (3) (4) (5) (6) (7)

n = 0 n = 1 n = 2 n = 3 n = 4 n = 5 n = 6

D_ABGSV i,t 0.041*** 0.033*** 0.023*** 0.018** 0.019** 0.023*** 0.025***

(0.007) (0.008) (0.008) (0.007) (0.008) (0.007) (0.007)

D_lnSi zei,t −
0.024**

−
0.041***

−
0.044***

−
0.045***

−
0.045***

−
0.045***

−
0.045***

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)

D_lnPricei,t 1.010*** 0.935*** 0.927*** 0.923*** 0.920*** 0.918*** 0.916***

(0.176) (0.167) (0.165) (0.164) (0.163) (0.163) (0.163)

D_lnAgei,t 0.309*** 0.397*** 0.412*** 0.419*** 0.419*** 0.420*** 0.420***

(0.092) (0.090) (0.089) (0.089) (0.089) (0.089) (0.089)

D_lnV olumei,t −
0.855***

−
0.711***

−
0.684***

−
0.671***

−
0.663***

−
0.657***

−
0.650***

(0.025) (0.023) (0.023) (0.023) (0.023) (0.023) (0.023)

D_MAXi,t −
0.909***

−
1.087***

−
1.128***

−
1.152***

−
1.153***

−
1.146***

−
1.178***

(0.189) (0.195) (0.202) (0.196) (0.197) (0.198) (0.196)

D_REV Li,t −
0.213***

−
0.270***

−
0.272***

−
0.274***

−
0.272***

−
0.274***

−
0.272***

(0.030) (0.030) (0.030) (0.031) (0.031) (0.031) (0.031)

D_MOMi,t −
0.166***

−
0.205***

−
0.213***

−
0.216***

−
0.219***

−
0.219***

−
0.221***

(0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026)

D_I V OLi,t 8.211*** 9.207*** 9.438*** 9.502*** 9.465*** 9.383*** 9.418***

(0.805) (0.824) (0.838) (0.821) (0.822) (0.831) (0.827)

D_Coskewi,t 0.001 0.001 0.001 0.001 0.001 0.001 0.001

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

D_I skewi,t 0.007 − 0.007 − 0.014 − 0.016 − 0.022 − 0.025* − 0.029**

(0.014) (0.014) (0.014) (0.014) (0.014) (0.014) (0.014)

Constant 12.367 11.283 11.135 11.118 10.961 10.983 11.037

(0.714) (0.626) (0.594) (0.587) (0.553) (0.558) (0.543)

Month FE Yes Yes Yes Yes Yes Yes Yes

Crypt FE Yes Yes Yes Yes Yes Yes Yes

Observations 583,003 574,385 572,935 572,055 571,187 570,380 569,667

Adjusted R2 0.522 0.450 0.439 0.433 0.428 0.424 0.420

This table reports the regression results of how abnormal investor attention affects liquidity of the cryptocurrency
market for the current and next 6 days. The specific model is constructed as follows:
D_I LL I Qi,t+n = λ0 + λ1D_ABGSV i,t + ∑

k δk D_Controlsk,i,t + ∑
Cryptocurrency + ∑

T ime + εi,t+n

where D_I LL I Qi,t+n is the Amihud illiquidity ratio of cryptocurrency i on day t + n (n = 0, 1, 2, …), and

D_ABGSV i,t is the abnormal investor attention of cryptocurrency i on day t. D_Controls is a set of control
variables on a daily basis, which is similar to the control variables used in the weekly and monthly model. All
variable definitions are shown in Table 11. All continuous variables are winsorized at 1% and 99%. Cryptocurrency
and month fixed effects are controlled for and the standard errors are adjusted at the cryptocurrency level. Robust
standard errors are presented in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively
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to some extent. With no fixed market makers to provide liquidity, it is difficult to ensure the
smooth operational activity in the cryptocurrency market, especially in the face of extreme
market conditions. When investor attention to a certain cryptocurrency increases abnormally
in the short term, the liquidity of cryptocurrency market will deteriorate easily due to the lack
of counterparties in the market.

To test the robustness of the effect of abnormal attention, we replace the measures of
cryptocurrency liquidity and investor attention, respectively. The specific regression results
are shown in Table 15. The calculation of liquidity indicators in columns (1)-(4) is similar to
the robustness tests for static attention. In addition, we use 5-min order book data to construct
three high-frequency liquidity indicators: quoted spread (D_QS), effective spread (D_ES),
and price impact (D_PI). As for the alternative measures of abnormal attention, we use the
Google search volume index to construct D_ABGSV2 and D_ABGSV3 according to Eq. (2)
and Eq. (3), respectively. Moreover, D_ABTweets is then constructed based on Twitter post
counts according to Eq. (1). We can see from Table 15 that abnormal attention significantly
reduces cryptocurrency liquidity, which is consistent with our baseline regression results.

3.3.2 Channel analysis of abnormal investor attention on a daily basis

From the perspective of investor trading behavior, we analyze the internal mechanism of how
abnormal attention impairs the liquidity of cryptocurrency markets. In the case of deterio-
rating liquidity in the cryptocurrency market, many quoted orders are usually not fulfilled.
Only by using the data of unsolved quoted orders we can truly capture the dominant force
and imbalance between buyers and sellers in the market. Therefore, different from the static
investor attention’s mechanism test that use the transaction order data that have been final-
ized, we utilize the bid and ask order data to reflect the trading intention of investors and
the counterbalancing force between the buyers and the sellers in the cryptocurrency market.
Inspired by Barber and Odean (2008), we construct D_Net Bidi,t to measure the net buying
pressure in the cryptocurrency market, which is calculated as follows:

D_Net Bidi,t = D_Bidi,t − D_Aski,t
D_Bidi,t + D_Aski,t

(15)

where D_Bidi,t and D_Aski,t are respectively the bid and ask dollar volumes of cryptocur-
rency i on day t. D_Net Bidi,t denotes the net bid quoted amount of cryptocurrency i on
day t, which is mainly used to measure the imbalance degree and the direction of pressure
between buyer and seller forces in cryptocurrency market. In particular, its absolute value
represents the imbalance degree of quoted orders, and its symbol is positive for net buying
pressure and negative for net selling pressure.

Similar to the mechanism test of static investor attention, we first study the impact of
abnormal attention on the net bid amount in the cryptocurrency market, and then further
explore whether the net purchase pressure of investors has an impact on liquidity of the
cryptocurrency market.

D_Net Bidi,t = λ0 + λ1D_ABGSVi,t +
∑
k

δk D_Controlsk,i,t

+
∑

Cryptocurrency +
∑

T ime + εi,t (16)

D_I LL I Qi,t+1 = λ0 + λ1D_Net Bidi,t +
∑
k

δk D_Controlsk,i,t
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+
∑

Cryptocurrency +
∑

T ime + εi,t+1 (17)

where D_Net Bidi,t is the net bid quoted amount of cryptocurrency i on day t, and∑
Cryptocurrency and

∑
T ime indicate that cryptocurrency and month fixed effects are

controlled for. All variable definitions are shown in Table 11.
From Table 8, we can see that coefficients of D_ABGSV i,t in Eq. (16) and D_Net Bidi,t

in Eq. (17) are significantly positive at the level of 5% and 1%, suggesting that abnormal
attention can significantly increase the net bid amount of investors. Then the net bid amount
will significantly damage the liquidity of the cryptocurrency market. The fact that abnormal
attention significantly reduces cryptocurrency liquidity by increasing net buying pressure in
the market is consistent with the “price pressure hypothesis” proposed by Barber and Odean
(2008) and the crowding effect (Afonso, 2011). Indeed, abnormal attention can drive a large
number of investors to buy cryptocurrencies, resulting in net buying pressure on the market.
Since they face higher information search costs when buying cryptocurrencies, most of them
only choose to sell their cryptocurrencies and are more likely to be driven by limited attention
to buy rather than sell. Moreover, the abnormal increase of investor attention in the short term
causes many buyers to gather in the market. In the absence of official market makers in the
cryptocurrency market, the congestion of the buying orders makes it more difficult to match
the right sellers for transactions. The direct consequence is the increased transaction costs
and reduced cryptocurrency liquidity. At the same time, as abnormal attention can alleviate
investors’ search problems and reduce the level of information asymmetry in the market, it
attracts more buyers to enter the cryptocurrency market, resulting in a more severe imbalance
in the distribution of investors. This issue amplifies the crowding effect and worsens liquidity
in the cryptocurrency market.

4 Conditional analysis

Taking into account the impact of different cryptocurrency characteristics and overall market
conditions, we group the samples according to market capitalization, idiosyncratic volatility,
and global economic policy uncertainty. Based on the significance of the interaction coeffi-
cients of dummy variables, we can determine whether there are significant differences among
different groups in the influence of investor attention on liquidity of the cryptocurrency mar-
ket.

4.1 Conditional analysis of static investor attention on a weekly basis

To conduct conditional analysis of static investor attention on aweekly basis, we construct the
dummy variables W_LargeCapi,t , W_HighI V OLi,t and W_HighGEPUt to group the
samples according to market capitalization, idiosyncratic volatility and global economic pol-
icy uncertainty, respectively. Specifically, W_LargeCapi,t is a dummy variable that equals
one for all sample cryptocurrencies on week t, if the weekly size of cryptocurrency is greater
than the weekly median, and zero otherwise. W_HighI V OLi,t is a dummy variable that
equals one for all sample cryptocurrencies on week t, if the idiosyncratic volatility of cryp-
tocurrency is greater than the median, and zero otherwise.W_HighGEPUt is a dummy
variable that equals one for all sample cryptocurrencies on week t, if the GEPU value in the
associated month is greater than the median over all sample months, and zero otherwise. The
conditional test results are shown in Table 9. The interaction coefficients of three dummy
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Table 8 Channel analysis of
abnormal investor attention on a
daily basis

Dependent variables = D_Net Bidi,t D_I LL I Qi,t+1

(1) (2)

D_ABGSV i,t 0.013**

(0.006)

D_Net Bidi,t 0.025***

(0.007)

D_lnSi zei,t 0.003** − 0.004***

(0.002) (0.001)

D_lnPricei,t 0.007 0.006

(0.009) (0.005)

D_lnAgei,t 0.036*** 0.037***

(0.009) (0.005)

D_MAXi,t 0.219*** − 0.184***

(0.071) (0.041)

D_REV Li,t 0.019* − 0.011*

(0.010) (0.006)

D_MOMi,t − 0.006 0.001

(0.005) (0.003)

D_I V OLi,t − 0.750*** 0.683***

(0.263) (0.151)

D_Coskewi,t 0.000 0.000

(0.000) (0.000)

D_I skewi,t − 0.010** 0.005**

(0.005) (0.003)

Constant 0.182 0.168***

(0.113) (0.063)

Month FE Yes Yes

Crypt FE Yes Yes

Observations 7026 6737

Adjusted R2 0.061 0.041

This table shows the role of investor trading behavior in the daily impact
of abnormal attention on cryptocurrency liquidity. Column (1) reports
the impact of abnormal investor attention on net buying pressure in cryp-
tocurrency market, and column (2) shows the impact of net bid amount
on liquidity of the cryptocurrency market. All variable definitions are
shown in Table 11. All continuous variables are winsorized at 1% and
99%. Cryptocurrency and month fixed effects are controlled for and the
standard errors are adjusted at the cryptocurrency level. Robust standard
errors are presented in parentheses. *, **, and *** indicate significance
at the 10%, 5%, and 1% levels, respectively
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Table 9 Conditional analysis of static investor attention on a weekly basis

Dependent variable = W_I LL I Qi,t+1

(1) (2) (3)

W_lnAtti,t − 0.117*** − 0.133*** − 0.078***

(0.019) (0.019) (0.018)

W_LargeCapi,t − 0.457***

(0.090)

W_lnAtti,t × W_LargeCapi,t 0.054**

(0.024)

W_HighI V OLi,t 0.121

(0.081)

W_lnAtti,t × W_HighI V OLi,t 0.072***

(0.022)

W_HighGEPUt 1.321***

(0.489)

W_lnAtti,t × W_HighGEPUt 0.063***

(0.019)

Constant 15.155*** 15.159*** 14.193***

(0.444) (0.443) (0.107)

W_Controlsk,i,t Yes Yes Yes

Month FE Yes Yes Yes

Crypt FE Yes Yes Yes

Observations 84,843 84,843 84,843

Adjusted R2 0.653 0.655 0.715

This table reports the impact of static investor attention on cryptocurrency liquidity under different cryptocur-
rency characteristics and aggregate states.W_LargeCapi,t is a dummy variable that equals one for all sample
cryptocurrencies on week t, if the weekly size of cryptocurrency is greater than the weekly median, and zero
otherwise.W_HighI V OLi,t is a dummy variable that equals one for all sample cryptocurrencies onweek t, if

the idiosyncratic volatility of cryptocurrency is greater than themedian, and zero otherwise.W_HighGEPUt
is a dummy variable that equals one for all sample cryptocurrencies on week t, if the idiosyncratic volatility of
cryptocurrency is greater than the median, and zero otherwise. The detailed definitions of the applied variables
are shown in Table 11. All continuous variables are winsorized at 1% and 99%. Cryptocurrency and month
fixed effects are controlled for and the standard errors are adjusted at the cryptocurrency level. Robust stan-
dard errors are presented in parentheses. *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively

variables (W_LargeCapi,t , W_HighI V OLi,t and W_HighGEPUt ) with static investor
attention (W_lnAtt i,t ) are significantly positive at the level of 5% and 1%, indicating that
in the samples with low global economic policy uncertainty, small market capitalization
and low idiosyncratic volatility, static investor attention has a more obvious effect on the
improvement of cryptocurrency liquidity. For cryptocurrencies with small market value and
low idiosyncratic volatility, there are fewer investors holding these cryptocurrencies and their
transactions are not active, and thus themarginal impact of investor attention on their liquidity
is more intense. Once investors pay attention to these cryptocurrencies, the investor trading
activities will have a stronger effect on their liquidity. Similarly, in the period of low global
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economic policy uncertainty, implying that the global macro-economy is relatively stable,
investors have less incentive to invest in cryptocurrency market. At this time, if investors
allocate limited attention to some cryptocurrencies, it will greatly stimulate the trading activ-
ity of these cryptocurrencies, thus significantly improving the liquidity of the cryptocurrency
market.

4.2 Conditional analysis of abnormal investor attention on a daily basis

Similar to the conditional tests of static investor attention, three dummy variables
(D_LargeCapi,t , D_HighI V OLi,t and D_HighGEPUt ) are used in this part to group
samples according tomarket value, idiosyncratic volatility and global economic policy uncer-
tainty, respectively. When D_LargeCapi,t , D_HighI V OLi,t and D_HighGEPUt are
equal to 1, they represent respectively the samples with large market value, high idiosyn-
cratic volatility and high global economic policy uncertainty. From Table 10, we can see that
the interaction coefficients of three dummy variables with static investor attention are signif-
icantly positive at the level of 5% and 1%, indicating that the interaction coefficients of three
dummy variables (D_LargeCapi,t , D_HighI V OLi,t and D_HighGEPUt ) with abnor-
mal investor attention D_ABGSV i,t ) are significantly positive at the level of 1% and 5%,
implying that in the samples with high global economic policy uncertainty, large market cap-
italization and high idiosyncratic volatility, abnormal investor attention has more significant
negative effects on liquidity of the cryptocurrency market.

These cryptocurrencies with large market value and high idiosyncratic volatility are usu-
ally well-known, and they are actively traded by investors. When investor attention suddenly
increases, a large number of investors rush into the market to buy cryptocurrency assets,
resulting in a serious imbalance of trading pressure. The congestion and heavy competition
in the buyers’ market increase the transaction cost and damage the liquidity of the cryp-
tocurrency market. This situation is even more exacerbated during the period of high global
economic policy uncertainty.

5 Conclusion and policy implications

In this paper, we investigated the impact of investor attention on cryptocurrency liquidity.
Our results show that static attention significantly improves cryptocurrency liquidity. This
evidence can be explained by the fact that limited attention drives investors to enter the
cryptocurrency market and increases their trading activities. On the other hand, increased
abnormal attention can seriously damage the cryptocurrency liquidity since it rushes investors
to the cryptocurrency market and causes severe net buying price pressure. In the absence of
official market makers offering liquidity voluntarily, a crowded buyer’s market makes it
harder to find the right sellers for transactions and thus worsens liquidity. Our findings differ
from the previous literature in that abnormal attention has a significant and long-term negative
impact on cryptocurrency liquidity.

In addition, our conditional analysis pointed out that in the samples with low global
economic policy uncertainty, small market capitalization, and low idiosyncratic volatility,
static investor attention has a more pronounced effect on the improvement of cryptocurrency
liquidity. On the contrary, in the samples with high global economic policy uncertainty, large
market capitalization, and high idiosyncratic volatility, abnormal investor attention negatively
affects cryptocurrency liquidity. Noticeably, cryptocurrencies with large market value and
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Table 10 Conditional analysis of abnormal investor attention on a daily basis

Dependent variable = D_I LL I Qi,t+1

(1) (2) (3)

D_ABGSV i,t 0.015 0.019** 0.023***

(0.012) (0.008) (0.007)

D_LargeCapi,t − 1.181***

(0.115)

D_ABGSV i,t × D_LargeCapi,t 0.035***

(0.013)

D_HighI V OLi,t 0.396***

(0.009)

D_ABGSV i,t × D_HighI V OLi,t 0.024**

(0.011)

D_HighGEPUt 0.363

(0.355)

D_ABGSV i,t × D_HighGEPUt 0.023**

(0.011)

Constant 10.605*** 11.088*** 10.922***

(0.586) (0.352) (0.041)

D_Controlsk,i,t Yes Yes Yes

Month FE Yes Yes Yes

Crypt FE Yes Yes Yes

Observations 574,385 574,385 574,385

Adjusted R2 0.459 0.452 0.450

This table reports the impact of abnormal investor attention on cryptocurrency liquidity under different cryp-
tocurrency characteristics and aggregate states. D_LargeCapi,t is a dummy variable set to one for all sample
cryptocurrencies on day t, if the daily size of cryptocurrency is greater than the daily median, and zero
otherwise.D_HighI V OLi,t is a dummy variable that equals one for all sample cryptocurrencies on day t, if

the idiosyncratic volatility of cryptocurrency is greater than the median, and zero otherwise. D_HighGEPUt
is a dummy variable that equals one for all sample cryptocurrencies on day t, if the GEPU value in the associ-
ated month is greater than the median over all sample months, and zero otherwise. The detailed definitions of
the applied variables are shown in Table 11. All continuous variables are winsorized at 1% and 99%. Cryp-
tocurrency and month fixed effects are controlled for and the standard errors are adjusted at the cryptocurrency
level. Robust standard errors are presented in parentheses. *, **, and *** indicate significance at the 10%, 5%,
and 1% levels, respectively

high idiosyncratic volatility easily attract investors’ attention. As such, increased abnormal
attention is more likely to cause a severe trading imbalance pressure, intensify the crowding
effect, and aggravate the deterioration of liquidity. Similarly, cryptocurrencies can also easily
attract investor attention due to their ability to diversify investment and hedgemacroeconomic
risks in periods of high global economic policy uncertainty.

Our results would imply that individual investors should avoid being “locked-in”
cryptocurrency markets because limited attention can quickly drive them to chase hot cryp-
tocurrencies. For portfolio managers who consider diversifying their investments or hedging
macroeconomic risks, it is essential to pay attention to additional transaction costs arising
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from cryptocurrency liquidity risk and timely market exiting when the cryptocurrency is
overheated. Policymakers should assess the cryptocurrency market’s liquidity and instabil-
ity risks to develop relevant recommendations on cryptocurrency investments, especially
when investor attention is overheated. For their part, cryptocurrency exchanges can reflect
on improving market liquidity through the presence of market makers.

Given this paper’s empirical evidence, future research could develop a theoretical frame-
work to formalize the double-edged sword effect of investor attention. Then, empirically, the
impact of static and abnormal investor attention could be gauged more easily with longer
tick-by-tick and order book data of more cryptocurrencies. Focusing on the microstruc-
ture characteristics of the cryptocurrency market to explore the price behavior differences
between cryptocurrencies and traditional assets is another research direction.15 Finally, due
to the segmentation of cryptocurrency exchanges (Makarov & Schoar, 2020), future research
can explore the differences in the impact of investor attention on liquidity among different
exchanges and their possible dynamic spillovers.

Acknowledgements We would like to thank Xin Cui, Feiyang Cheng, and participants at the workshop of
Tianjin University Financial Engineering Research Center, for valuable comments. We acknowledge financial
support from the National Natural Science Foundation of China [Grant number: 72073101]. Ahmet Sen-
soy gratefully acknowledges support from the Turkish Academy of Sciences—Outstanding Young Scientists
Award Program (TUBA-GEBIP). Duc Khuong Nguyen acknowledges the support provided by the Prague
University of Economics and Business as a part of Institutional Research Support no. IP 100040.

Appendix

See Tables 11, 12, 13, 14 and 15.

15 Baek and Elbeck (2015) find that the price behavior of cryptocurrency is more driven by the trading
behavior of buyers and sellers and is irrelevant to economic fundamentals. Li et al., (2021a) argue that the
price dynamics of cryptocurrencies are mainly dominated by speculation and trend trading.

123



Annals of Operations Research

Table 11 Variable definitions

Variables Definitions

Cryptocurrency liquidity variables

D_I LL I Qi,t The daily Amihud illiquidity, defined as the natural
logarithm of expanding the ratio of the absolute

return to the dollar trading volume by 106 times

W_I LL I Qi,t The weekly Amihud illiquidity ratio is the average
of the daily Amihud illiquidity ratio (D_ILLIQ)
in week t

M_I LL I Qi,t The monthly Amihud illiquidity ratio is the
average of the daily Amihud illiquidity ratio
(D_ILLIQ) in month t

Investor attention variable

D_ABGSV i,t The daily abnormal investor attention, defined as
the natural logarithm of GSV on day t to minus
the GSV average value from day t-30 to day t-1,
and then divided by the mean of GSV from day
t-30 to day t-1. See Eq. (1) for the specific
formula

W_lnAtti,t The weekly static investor attention, measured as
the mean of the natural logarithm of daily
Google search volume index for cryptocurrency
i in week t

M_lnAtt i,t The monthly static investor attention, measured as
the mean of the natural logarithm of daily
Google search volume index for cryptocurrency
i in month t

Control variables on a daily basis (D_Controlsk,i,t )

D_lnSi zei,t The market value, defined as the natural logarithm
of the circulation market value of
cryptocurrency i on day t

D_lnPricei,t The closing price, calculated as the natural
logarithm of the closing price of cryptocurrency
i on day t

D_lnAgei,t The listing month, calculated as the natural
logarithm of the number of listing months

D_lnV olumei,t The trading volume, calculated as the natural
logarithm of trading volume of cryptocurrency i
on day t

D_MAXi,t The maximum daily return of cryptocurrency i for
the month of day t

D_REV Li,t The monthly return on the cryptocurrency i over
the previous month of day t

D_MOMi,t The momentum of cryptocurrency i in the month
of day t, which is measured as the cumulative
return from month m-7 to month m-2
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Table 11 (continued)

Variables Definitions

D_I V OLi,t Idiosyncratic volatility of cryptocurrency i for the
month of day t, defined as the standard deviation
of the residual in Eq. (3)

D_Coskewi,t Co-skewness of cryptocurrency i for the month of
day t, measured as the estimated coefficient γ̂i in
Eq. (4)

D_I skewi,t Idiosyncratic skewness of cryptocurrency i for the
month of day t, defined as the skewness of the
residuals of Eq. (4)

Control variables on a weekly basis (W_Controlsk,i,t )

W_lnSi zei,t The weekly size of cryptocurrency i is the average
of the daily size(D_lnSize) in week t

W_lnPricei,t The weekly price of cryptocurrency i is the
average of the daily price(D_lnPrice) in week t

W_lnAgei,t The natural logarithm of the number of months
from the launch of cryptocurrency i to week t

W_lnV olumei,t The weekly volume of cryptocurrency i is the
average of the volume(D_lnVolume) in week t

W_MAXi,t The maximum weekly return of cryptocurrency i
for the month of week t

W_REV Li,t The monthly return on the cryptocurrency i over
the previous month of week t

W_MOMi,t The momentum of cryptocurrency i in the month
of week t, which is measured as the cumulative
return from month m-7 to month m-2

W_I V OLi,t Idiosyncratic volatility of cryptocurrency i for the
month of week t, defined as the standard
deviation of the residual in Eq. (3)

W_Coskewi,t Co-skewness of cryptocurrency i for the month of
week t, measured as the estimated coefficient γ̂i
in Eq. (4)

W_I skewi,t Idiosyncratic skewness of cryptocurrency i for the
month of week t, defined as the skewness of the
residuals of Eq. (4)

Control variables on a monthly basis
(M_Controlsk,i,t )

M_lnSi zei,t The monthly size of cryptocurrency i is the
average of the daily size(D_lnSize) in month t

M_lnPricei,t The monthly price of cryptocurrency i is the
average of the daily price(D_lnPrice) in month t

M_lnAgei,t The natural logarithm of the number of months
from the launch of cryptocurrency i to month t

M_lnV olumei,t The monthly volume of cryptocurrency i is the
average of the volume(D_lnVolume) in month t

M_MAXi,t The maximum weekly return of cryptocurrency i
for the month of week t
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Table 11 (continued)

Variables Definitions

M_REV Li,t The monthly return on the cryptocurrency i over
the previous month of week t

M_MOMi,t The momentum of cryptocurrency i in the month
of week t, which is measured as the cumulative
return from month m-7 to month m-2

M_I V OLi,t Idiosyncratic volatility of cryptocurrency i for the
month of week t, defined as the standard
deviation of the residual in Eq. (3)

M_Coskewi,t Co-skewness of cryptocurrency i for the month of
week t, measured as the estimated coefficient γ̂i
in Eq. (4)

M_I skewi,t Idiosyncratic skewness of cryptocurrency i for the
month of week t, defined as the skewness of the
residuals of Eq. (4)

Variables of investor trading behavior

D_Net Bidi,t The daily net-bid amount of cryptocurrency i on
day t, defined as the difference between bid and
ask amount scaled by total amount of the quote
orders

W_lnBuySumi,t The total amount of buyer-initiated trade of
cryptocurrency i in week t

W_lnSellSumi,t The total amount of seller-initiated trade of
cryptocurrency i in week t

Dummy variables of conditional analysis

D_LargeCapi,t A dummy variable that equals one for all sample
cryptocurrencies on day t, if the daily size of
cryptocurrency is greater than the daily median,
and zero otherwise

D_HighI V OLi,t A dummy variable that equals one for all sample
cryptocurrencies on day t, if the idiosyncratic
volatility of cryptocurrency is greater than the
median, and zero otherwise

D_HighGEPUt A dummy variable that equals one for all sample
cryptocurrencies on day t, if the GEPU value in
the associated month is greater than the median
over all sample months, and zero otherwise

W_LargeCapi,t A dummy variable that equals one for all sample
cryptocurrencies on week t, if the weekly size of
cryptocurrency is greater than the weekly
median, and zero otherwise

W_HighI V OLi,t A dummy variable that equals one for all sample
cryptocurrencies on week t, if the idiosyncratic
volatility of cryptocurrency is greater than the
median, and zero otherwise

W_HighGEPUt A dummy variable that equals one for all sample
cryptocurrencies on week t, if the GEPU value in
the associated month is greater than the median
over all sample months, and zero otherwise

This table contains the definitions and calculation methods of all variables used in our study
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