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Abstract: This paper studies one of the most popular investment themes over recent years, investing
in the cannabis industry. In particular, it investigates relationships between investor attention, as
proxied by Google Trends, and stock market activities, i.e., return, volatility, and liquidity. To this
end, in the empirical analysis we study how liquidity and investors” attention affect the return
dynamics of an investment in cannabis stocks by augmenting the three-factor Fama—French model.
In addition, we use a vector autoregressive approach and the impulse response function to measure
shock transmission between the variables under consideration. Our empirical findings show that
there is a statistically positive relationship between cannabis stock returns and liquidity. We also find
that increased investors’ attention results in higher returns.
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Investors” Attention via Google As cannabis is being legalized in a growing number of countries, investing in the
Metrics. International Journal of cannabis industry has gained significant momentum over the past few years. Nevertheless,
Financial Studies 10: 7. https:// the respective academic literature is still rather limited (see Weisskopf (2020) and the
dol.org/10.3390/3jfs10010007 references therein). This paper contributes to this strand of literature by employing a
Academic Editor: Sabri Boubaker generalized autoregressive conditional heteroscedasticity (GARCH) model to study the
relationship between investors’ attention, liquidity, and cannabis stock returns. The asset-
pricing results indicate a positive relationship between returns and liquidity and investors’
attention.

The cannabis market is a relatively new market driven by medicinal and recreational
Publisher’s Note: MDPT stays neutral - businesses. According to Bahji and Stephenson (2019), in many U.S. states—including
with regard to jurisdictional claims in - Colorado and California—cannabis has been legalized for recreational (and often medicinal
published maps and institutional affil- - y;5e) andmany countries, such as Uruguay, Spain, the Netherlands Canada, etc., have passed
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fations. or are in the process of passing laws allowing the use of cannabis for medicinal and/or
recreational purposes. This process is not without risks for the investors (Parker et al. 2019).
Market and pricing risks, legal risk including banking and insurance, supply chain and

funding risk may undermine the investment in these stocks in the future. According to
the findings of Andrikopoulos et al. (2021), herding is observed for all Canadian listed
stocks across all markets and sectors in contrast with the US, where herding is a relatively
limited phenomenon. This is attributed to the various stages of legalization in the two
conditions of the Creative Commons COUNtries and to the type of legalization, which in the case of Canada removes many
Attribution (CC BY) license (https://  Of the risks mentioned above, prominently the legal one. However, despite the lack of
creativecommons.org,/licenses/by/ herding in the US, the benefits of including cannabis stocks in a portfolio are demonstrated
40/). by Weisskopf (2020). Cannabis stocks display low correlations and beta coefficients to
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stock markets, but also with other sin markets (gambling tobacco and alcohol stocks) and
cryptocurrencies. Moreover, due to their high volatility and returns, their addition will
benefit the portfolio for diversification and yield enhancement purposes.

As far as the positioning of the paper goes, it contributes to three strands of empirical
literature. The first strand investigates the performance of cannabis stocks; the respective
literature is very limited but has been growing recently (see Chen et al. (2021) for a
comprehensive review). The second strand relates to an emerging literature that studies the
impact of investors” attention on asset market microstructure and asset price dynamics (see
Papadamou et al. (2020) for a relevant discussion). A direct measure of investor attention
is the aggregate search frequency in Google, but other measures such as media coverage
also attract investor attention (Akhtaruzzaman et al. 2021). Finally, our paper provides
a contribution to the literature on liquidity, which investigates the dynamic relationship
between the asset returns and the dynamic evolution of liquidity.

Against this background, the current study extends this literature, by investigating
the relationship between investors’ attention and stock returns in the cannabis sector.
Furthermore, we expand the research to an emerging, extremely popular, segment of equity
markets to obtain information regarding how liquidity affects stock returns. Therefore, this
paper fills the gap in existing literature by studying for the first time cannabis stocks in such
a fashion. In particular, we form two main research questions to be answered: (1) Does
liquidity affect stock returns in an alternative market, such as the cannabis sector? (2) Does
investors’ attention as proxied by Google’s search volume index relates to cannabis stock
returns?

The empirical results provide interesting findings as they make a statistically signifi-
cant positive contribution of liquidity measure on cannabis stock returns. Moreover, this
type of stock is also significantly influenced by investors” attention measured by Google
search activity. Since internet users commonly use a search engine to collect information,
and Google continues to be the dominant search engine worldwide, the search volume
reported by Google can be considered to be representative of the internet search behavior
of the general population.

The rest of the paper proceeds as follows Section 2, concisely reviews the relevant
literature. Section 3 describes the methodology employed, while Section 4 includes the
empirical results and their analysis. Section 5 contains the concluding remarks.

2. Related Literature

This study contributes to the cannabis-related literature by testing the return-liquidity
relationship for three popular cannabis stocks. Liquidity is one of the most important and
desired factors that investors are looking into when they plan to invest. A pioneer study
by Boubaker et al. (2019) highlights that less readable annual reports by companies are
associated with lower stock liquidity. Illiquidity (obviously the opposite of liquidity) erodes
profits and exacerbates losses because in illiquid markets the cost of buying and selling
any investment increases with the so-called slippage (broadly defined as the difference
between offer and bid price). Since a portfolio is constituted by individual investments, the
merits of portfolio diversification are compromised when illiquid investments are included.
Numerous studies (indicatively, among others, Amihud and Mendelson 1986; Brennan
and Subrahmanyam 1996; Liu 2006; Hasbrouck 2009) have focused on the importance of
liquidity in markets. Although many liquidity measures have been proposed, the one
proposed by Amihud (2002), defined as the ratio of stock’s absolute daily return and its
trading volume in order to discover that positive illiquidity-return relationship persist
for a long sample period from 1964 to 1997, gained growing popularity due to its clarity
and ease of use. This measure was employed by Acharya and Pedersen (2005) to show
that a stock’s expected return is significantly influenced by the covariance between stock
liquidity and market return or market liquidity and by Amihud et al. (2015) to explore
the illiquidity premium in global markets. The fact that liquidity risk is more significant
in emerging than developed markets was confirmed by Lee (2011) and Lang et al. (2012)
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showed that firms in these markets suffer lower liquidity and higher transaction costs.
Chiang and Zheng (2015) performed panel regressions on monthly data for 20 years to test
the relation between expected excess stock returns and illiquidity risk in G7 markets and
found that returns are positively correlated with market illiquidity risk but are negatively
correlated with the innovation of firm-level illiquidity. On a broader scale, by investigating
the market liquidity and efficiency of the merger between the Surabaya Stock Exchange
and the Jakarta Stock Exchange, Yang and Pangastuti (2016) discovered that greater market
efficiency was achieved by non-financial and large cap companies. On the other hand, in
their analysis of liquidity sensitivity of stock returns in the Norwegian stock market over
the period 1983-2015, Leirvik et al. (2017) found no significant relationship between returns
and market liquidity. Also, the fact that predictability decreases with high market liquidity
was showed by studying the liquidity of 456 different currencies in the newly developed
cryptocurrency market. Furthermore, Kyriazis and Prassa (2019) showed a relationship
between liquidity and state of the market with cryptocurrencies becoming more liquid
during stressed periods.

Another factor that seems to interact with the liquidity and returns of the stocks
in the cannabis market is the daily investors” attention to this market as manifested in
various search engines. The value of the data collected through various digital platforms for
predictive purposes is becoming increasingly important mainly due to their richness, depth,
versatility, and timeliness of retrieved information. Nowadays the various search queries
play crucial role in forming decisions and these in turn are precursors for various actions.
Thus, these data usually affect various important variables in many disciplines. Especially
the data collected from Google (through the Google Trends application) have been used
for studying a range of phenomena: the spread of flu (Ginsberg et al. 2009; Polgreen et al.
2008), the effect of COVID-19 on financial markets (Papadamou et al. 2021), the effect of
macroeconomic policies on stock market dynamics (Poutachidou and Papadamou 2021),
the prediction of the election outcomes (Metaxas and Mustafaraj 2012; Polykalas et al. 2013),
the prediction of aggregate consumer behavior (Carriere-Swallow and Labbé 2013), and
the prediction of various economic indicators (Choi and Varian 2012). Additionally, the
use of query data has proven very useful in many areas of finance such as in corporate
finance where they have been used to predict investors’ behavior around corporate earnings
announcements (Drake et al. 2012) or investors’ bias in equity holdings (Mondria et al.
2010). The first use of Google query data to construct an index for the prediction of stock
market movements was made by Da et al. (2011). Since then, attention was focused on the
way the data impact the asset prices, volume, and volatility (Joseph et al. 2011; Drake et al.
2012; Vlastakis and Markellos 2012; Smith 2012; Preis et al. 2013; Vozlyublennaia 2014; Da
et al. 2015; Ding and Hou 2015; Dimpfl and Jank 2016; Goddard et al. 2015; Chronopoulos
et al. 2018; Padungsaksawasdi et al. 2019).

3. Materials and Methods

Our dataset spans from 3 January 2017 to 30 October 2020 (yielding 999 daily observa-
tions) and includes three cannabis stocks: Aurora Cannabis Inc. (ACB), Edmonton, Canada,
Canopy Growth Corp. (CGC), Smiths Falls, Canada and Cronos Group Inc. (CRON),
Toronto, Canada. These stocks have been selected due to their strong dominant position in
the industry. In particular, ACB is a dominant player in the global marijuana trade, listed
in NYSE with market capitalization in 2020 around USD1.54 billion. Also, both CGC and
CRON are major’s players in the industry, listed in NASDAQ with market capitalizations
of USD 11.23 billion and USD 2.2 billion, respectively. The North American Marijuana
Index (NAMMAR) tracks the performance of a basket of North American publicly listed
companies with significant business activities in the marijuana industry. The index is
calculated as a gross total return index in CAD adjusted quarterly.

Liquidity is unobservable, therefore it is not universally definable and measurable.
A comprehensive review of the various approaches to liquidity definition can be found
in Assoil et al. (2021) and the references therein. In this paper, we follow Danyliv et al.
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(2014) who develop an easy-to-calculate liquidity ratio that enables comparisons of liquidity
between different securities and markets, and it is calculated as follows:

VtPclose,t ) (1)

LIX; = In
‘ (PHigh,t - 1-)L()w,t

in which, V¢ is the number of shares traded in day t, and Pejose, Phigh and Pjoy are the
closing, the highest and the lowest price of the day t respectively. This definition of liquidity
takes the perspective of investors, who relate liquidity with the amount of money they
can invest without significantly moving market prices. The log transformation leads to a
ratio between 5 (for the least liquid assets) and about 10 (for the most liquid assets). The
employed liquidity measure has two major advantages: it is extremely easy to calculate
because all the information required is readily available and it eliminates the currency
value, thus different securities from different markets can be directly compared (Danyliv
et al. 2014). Its main disadvantage is that the LIX measure cannot be calculated when the
highest and the lowest price are equal (and thus the denominator is equal to zero) and/or
when the number of shares traded is equal to zero (and thus the nominator is equal to
zero). In our empirical analysis, the choice of the stocks under examination is based on
the criteria that the estimated liquidity measure is non-zero, suggesting that actual trading
occurs every day in our sample period. For the Google Trends indicator, we construct
an indicator that equals to log(e + Google Trends metric value) similarly to Eckstein and
Tsiddon (2004). The index score is dynamic, as the size of previous search volume becomes
bigger or smaller relative to new data.

Our empirical analysis is based on the three-factor Fama and French (1993) model
augmented initially with the liquidity measure as follows:

Rit — 1t = Bip + BinRnammare + Bio (Rme — 1t) + BisHML; + Bi4,SMBy + Bi5%LIX;

2
+Bi6 %LIX;_1 + uj )

in which, Ry is the daily return of stock i (i = ACB, CGC, CRON) on day t, r; is the risk-free
rate of return, RyammaRr is the daily return of the Marijuana Index, Ry is the return of the
market, SMB is the average return of the small-capitalized portfolios minus the average
return of the large-capitalized portfolios, HML is the average return of the value portfolios
minus the average return of the growth portfolios, while %LIX is the first logarithmic
difference of the liquidity measure (LIX) and uj; is the error term. HML, SMB and Market
risk premium are taken from French’s website, while stock prices and volumes were
retrieved from Investing.com. The error term u;; follows a GARCH (1,1) model such that:

ut’Qt—l = vVhizt 3)

in which, z; is a sequence of random variables that are both independent and identically
distributed (iid) and have zero mean and unit variance and the conditional variance h; is
calculated as follows:

he=ag +a; u?_1 +ap hy_g 4)

In order to further investigate the cannabis equity market, we include in the above
specification the daily investor attention on the stocks under review, as proxied by Google
Trends (GTrend). The three-factor Fama and French (1993) model augmented with the
liquidity and investors” attention measures is estimated as follows:

Rit — 1t = Bip + BirRnammare + Bio (Rve — 1t) + BisHML; + B34sSMBt + Bi5%LIX; 5)
+Bi6O/OLIXt71 + Bi7GTrendt + BiSGTrendt,1 —+ Uit

in which, GTrend is the Google Trends indicator for each stock i.
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Finally, in order to allow for a feedback relationship between stock returns, liquidity
and investor’s attention we employ a VAR model in the following form:

Yt =a-+ AYt,1 + &t (6)
in which, Y; is the vector containing vectors y of variables of the system (i.e., stock re-
turns, liquidity and Google Trends indicator) and ¢ is the innovation vector. The optimal
lag length is one under Schwarz and Hannan—-Quinn information criteria. The impulse
response function is calculated based on the MA(c0) representation of the VAR model
as follows:

Yi = ®(L)et @)

with ®(L) denoting polynomial of the lag operator L. Values in ®(L) are the impulse
response coefficients, which we present as graphs in the following section.

4. Results

Figure 1 shows the time-series evolution of the stocks under study and the North
American Marijuana (NAMMAR) Index, in which a significant drop is observed for the
period of 2019-2020. Figure 1 also includes the evolution of the estimated liquidity measure,
as well as the evolution of the Google search trend regarding cannabis stocks. Investors’
attention, as proxied by Google search, topped at the end of 2018 and since then it has
consistently declined, in line with the respective stock performance.

I [} L} v 1 [} n [\ I [ n \% I ] m v
2017 2018 2019 2020 2017 2018 2019 2020
Log ACB_P Log CGC_P
Log CRON_P Log INDEX_P —  ACB_LIQ —— CGC_LIQ —— CRON_LIQ
(a) (b)
200
160 -
120 -
80+
40
0 T T T T T T T I T
| Il n v | Il n v Il mn v | I v
2017 2018 2019 2020
(©)

Figure 1. This figure presents the employed variables. (a) Stock and index historical prices (in logs);

(b) liquidity measure; (c) Google Trends indicator regarding cannabis stock hits.
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The empirical results of the asset pricing models are included in Table 1. The effect of
market 3 is positive, as expected, and significant, but its effect is essentially minimal—as
measured by the size of the respective coefficients. It is apparent that cannabis stocks are
affected by their sectoral index, as the coefficient for the NAMMAR Index is statistically
significant at the 99% level for all three stocks and hovers around 1.4. The other two Fama
and French factors (size and value) are positive and statistically significant, verifying the
appropriateness of the particular asset pricing model.

Table 1. Maximum likelihood estimations using symmetric generalized autoregressive conditional
heteroscedasticity, GARCH (1,1) model.

ACB CGC CRON
FF-Model + FF-Model + FF-Model +
Mean Equation Ff;hi[l(i)gietl * Liquidity + Ffi-lvll:i)giil * Liquidity + Ff{hﬁ(i)giil * Liquidity + Google
1 y Google Trends 1 y Google Trends ! y Trends

Variables Coef. Prob. Coef. Prob. Coef. Prob. Coef. Prob. Coef. Prob. Coef. Prob.

Bo Intercept —0.004 0.000 —0.0067 0.000 —0.001 0272  —0.002 0203 —0.003 0.010 —0.003 0.000

B1 RnAMMAR 1.4551 0.000 1.451 0.000 1.398 0.000 1.403 0.000 1.337 0.000 1.304 0.000

B2 Ryt 0.009 0.000 0.009 0.000 0.009 0.000  0.0087 0.000 0.011 0.000 0.011 0.000

B3 HML 0.004 0.000 0.004 0.000 0.002 0.027 0.002 0.031 0.002 0.179 0.002 0.000

Ba SMB 0.004 0.009 0.004 0.006 0.008 0.000 0.008 0.000 0.004 0.049 0.005 0.000

Bs Y%LIX(t) 0.121 0.000 0.116 0.000 0.066 0.038 0.064 0.048 0.084 0.063 0.084 0.000

Be %LIX(t—1) 0.148 0.000 0.147 0.000 —0.034 0.399 —0.034 0.401 0.068 0.059 0.066 0.000

B7 GTrend(;) 0.00012 0.045 0.0001 0.037 0.0001 0.000

Bs  GTrend(;_1) —0.00004 0563 0.000 0.631 —0.0001  0.000
Variance
Equation

x Intercept 0.000  0.000 2.6 x10~* 0.000 3.0x10"* 0.000 33 x10"* 0.000 1.8 x10"* 0.000 1.4 x10~* 0.000

o ARCH 0.311 0.000 0.313 0.000 0.116 0.000 0.116 0.000 0.130 0.000 0.135 0.000

o) GARCH 0.495 0.000 0.471 0.000 0413 0.000 0.356 0.021 0.760 0.000 0.735 0.000

Diagnostics
Adjusted 59% 60% 70% 71% 54% 55%
R-squared
Log likelihood 1978.320 1980.950 2171.230 2174.000 1935.020 1978.840

Q(12) 0.880 0.880 0.710 0.620 0.580 0.720

Qsq(12) 0.900 0.980 0.530 0.460 0.940 0.980

ARCH(1) 0.410 0.720 0.570 0.610 0.670 0.240

Notes: ACB indicates Aurora Cannabis Inc., CGC Canopy Growth Corp. and CRON Cronos Group Inc.. Probabil-
ities in bold indicate statistical significance.

FF-Model + Liquidity model refers to the three-factor Fama and French (1993) model
augmented with the liquidity measure:

Rit — 1t = Bip + BinRnammare + Bio (Rve — 1t) + BigHML; + B34SMB; + Bi5%LIX;
+Bic%LIX; 1 + uj

in which, Ry is the daily return of stock i (i = ACB, CGC, CRON) on day t, rt is the risk-free
rate of return, RyammaRr is the daily return of the Marijuana Index, Ry is the return of the
market, SMB is the average return of the small-capitalized portfolios minus the average
return of the large-capitalized portfolios, HML is the average return of the value portfolios
minus the average return of the growth portfolios, while %LIX is the first logarithmic
difference of the liquidity measure (LIX) and uj; is the error term.

FF-Model + Liquidity + Google Trends refers to the three factor Fama and French
(1993) model augmented with the liquidity and investors’ attention measures:

Rit — 1t = Bip + BinRnammare + Bio (Rve — 1t) + BisHML; + B34SMBy + Bi5%LIX;
—O—Bié%LIXt,l + ﬁinTrendt + [SigGTrendt,l -+ Uit

in which, GTrend is the Google Trend indicator for each stock i.
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The standard Fama-French model ignores the liquidity component as is assumes that
equity markets are frictionless and all stocks are perfectly liquid, but our empirical findings
demonstrate that liquidity is priced in the market, as liquidity (%LIX) has a positive and
significant coefficient for all three stocks under review; for ACB it is statistically significant
at the 99% level, while for CGC and CRON at the 95% and 90% levels respectively. The effect
of liquidity remains positive and significant in all three stocks when we include investors’
attention as an additional variable. Google searches are found to be statistically significant
and positive suggesting that increased investors” attention leads to positive returns.

The results concerning the variance equation (also presented in Table 1) show that the
coefficients of the ARCH effect (ct1) are statistically significant at 1% significance level in
all cases. This finding suggests that news about volatility from the previous period has an
explanatory power on current volatility. The coefficients of the lagged conditional variance
(0rp) are also significantly different from zero, indicating volatility clustering in cannabis
stock returns. The sum of the «; and oy coefficients is high in all models, suggesting
that shocks to the conditional variance are highly persistent. The practical implication of
this volatility clustering and persistence is that investors become more averse to holding
cannabis stocks due to uncertainty.

Furthermore, since investors view upside and downside risks differently, with a
preference for positively skewed returns, for robustness analysis, the augmented Fama-
French models have also been estimated using an asymmetric GARCH model, i.e., the
exponential GARCH (EGARCH) model. The results are presented in Table 2. Regarding
the statistical significance of coefficients, their signs and their magnitudes, the results are
consistent with the previous findings in Table 1 using the symmetrical GARCH. These
results imply that the liquidity factor and investor attention (via Google Trends) contribute
to the explanatory power of an asset pricing model in cannabis stocks.

Table 2. Maximum likelihood estimations using asymmetric EGARCH(1,1) model.

ACB Company CGC Company CRON Company
FF-Model + FF-Model + FF-Model +
Mean Equation Ffi-lvll:i)giil * Liquidity + Ffi-lvll:i)giil * Liquidity + Fs;hill(:glil * Liquidity + Google
1 y Google Trends ! y Google Trends ! y Trends

Variables Coef. Prob.  Coef. Prob.  Coef. Prob.  Coef. Prob.  Coef. Prob. Coef. Prob.

Bo Intercept —0.0023 0.000 —0.0048 0.000 —0.001 0234  —0.002 0.203  —0.003 0.010 —0.003 0.000

B1 Rnammar 145096 0.000  1.4446 0.000 1.400 0.000 1.304 0.000 1.337 0.000 1.304 0.000

B2 Ry-r 0.009 0.000 0.009 0.000 0.008 0.000 0.010 0.000 0.011 0.000 0.011 0.000

B3 HML 0.004  0.000 0.004 0.000  0.0014 0.064 0.001 0.000 0.002 0.179 0.002 0.000

Ba SMB 0.004  0.007 0.004 0.005 0.008 0.000 0.004 0.000 0.004 0.049 0.005 0.000

Bs Y%LIX(t) 0.127  0.000 0.125 0.000 0.067 0.045 0.078 0.000 0.084 0.063 0.084 0.000

Be %LIX(t—1) 0.180 0.000 0.177 0.000 —0.045 0240 —0.034 0.000 0.068 0.059 0.066 0.000

B7 GTrend(y) 0.00015 0.013 0.0006 0.000 0.0001 0.000

Bs  GTrend(;—1) —0.00007  0.206 —0.0007 0.000 —0.0001 0.000
Variance
Equation

X0 Intercept —1.6743 0.000 —1.691 0.000 —3.967 0.000 —0.732 0.000 1.8 x 10~* 0.000 1.4 x10~* 0.000

o ARCH 0.496 0.000 0.497 0.000 0.267 0.000 0.194 0.000 0.130 0.000 0.135 0.000

o) GARCH 0.048 0.030 0.048 0.046 —0.019 0.000 0.064 0.030 0.760 0.000 0.735 0.000

o GARCH 0.810 0.000 0.808 0.000 0.489 0.000 0.941 0.000 0.760 0.000 0.735 0.000

Diagnostics
Adjusted 59% 60% 71% 55% 54% 55%
R-squared
Log likelihood 1974.330 1977.056 2170.240 1978.212 1935.020 1978.840

Q(12) 0.860 0.860 0.760 0.730 0.580 0.720

Qsq(12) 0.700 0.670 0.470 0.980 0.940 0.980

ARCH(1) 0.320 0.291 0.470 0.410 0.670 0.240

Notes: ACB indicates Aurora Cannabis Inc., CGC Canopy Growth Corp. and CRON Cronos Group Inc.. Probabil-
ities in bold indicate statistical significance.
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In concluding our empirical analysis, we present a generalized impulse response func-
tion in vector autoregressive (VAR) models studying the response of cannabis stock returns
to shocks to investors’ attention (Figure 2) and liquidity (Figure 3). In particular, a shock
transmission between the variables under consideration appears in the impulse response
analysis originated by the VAR model estimation. The respective figures demonstrate
clearly the short-term positive effect that Google search stock hits have on stock returns.
The positive relationship of liquidity and returns that is documented in the asset pricing
models above is also confirmed by the impulse response analysis, suggesting a positive
liquidity premium.

Response of DLOG(ACB_P) to STOCK_HITS Response of DLOG(CGC_P) to STOCK_HITS

0.05 0.04

0.04 |
0.03 |

0.03 |
0.02
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001

0.00 N _ //::\: ””””””””””””””””””””””””””””””””””” 0.00 ~ \v/::::::i ”””””””””””””””””

T T T T T T T T T T T T T T T T T T T T \\\\\/\ T T T T T T T T T T T T T T T T
2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20

Response of DLOG(CRON_P) to STOCK_HITS

0.05

0.04

0.03

0.02

0014 ~

Figure 2. Impulse response function (investors” attention — returns). This figure includes the
generalized impulse response function in vector autoregressive (VAR) models studying the response
of cannabis stock returns to shocks to investors” attention.
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Response of DLOG(ACB_P) to DLOG(ACB_LIQ)
Response of DLOG(CGC_P) to DLOG(CGC_LIQ)
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Figure 3. Impulse response function (liquidity — returns). This figure includes the generalized
impulse response function in vector autoregressive (VAR) models studying the response of cannabis
stock returns to shocks liquidity.

5. Conclusions

In our empirical analysis we employ a direct measure of investor attention via Google
search intensity and study its relationship with returns and liquidity regarding certain
cannabis stocks. To the best of our knowledge, this paper provides the first relevant
evidence for a fast-growing new sector in equity markets.

In particular, we utilize the three-factor Fama and French (1993) model augmented
with liquidity and investors’ attention to study the relationship between investor sentiment,
as proxied by liquidity and Google search trends, and cannabis stocks returns. The asset-
pricing results indicate a positive relationship between returns and liquidity. Furthermore,
the importance of liquidity remains significant even after controlling for the role of investor
sentiment. Finally, the impulse response function, which is a simple, yet powerful tool for
studying the dynamic transmission of shocks and/or innovations shows that there is a
positive dependence between returns and liquidity in the cannabis sector.

Understanding the links between investors” attention and asset price dynamics is criti-
cal for designing and implementing the policy measures needed in markets and economies.
Nowadays, investors can extract information from Google trends and at the same time
take active trading decisions, as the use of technology in investment decisions is growing
exponentially. In addition, documenting the relationship between returns and liquidity
enhances any policy or risk management practices.

In conclusion, we use two specific proxies for investors’ attention and liquidity: Google
Trends and a volume-based measure, respectively. Since there is no consensus within exist-
ing empirical literature on the measurement of these two variables, other dimensions of
investors’ attention (such as news-based measures, or information from social networks
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and/or stock trading platforms) and liquidity (such as spread-based or price-based mea-
sures) can be employed. Finally, we use daily data, but future research can consider data at
different frequencies.
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