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Abstract

Cryptocurrencies have become a trendy topic recently, primarily due to their disrup-
tive potential and reports of unprecedented returns. Furthermore, social media has
garnered attention for its predictive capabilities in various fields, including financial
markets and the economy. In this study, we exploit the predictive power of sentiment
from Twitter and Reddit, alongside Google Trends indexes, to forecast log returns for
ten cryptocurrencies, namely Bitcoin, Ethereum, Tether, Binance Coin, Litecoin, Enjin
Coin, Horizen, Namecoin, Peercoin, and Feathercoin. We evaluate the performance of
LASSO Vector Autoregression using daily data from January 2018 to January 2022. In
a 30-day recursive forecast, we achieve a mean directional accuracy (MDA) rate of over
50%. Moreover, we observe a significant increase in forecast accuracy in terms of MDA
when using sentiment and attention variables as predictors, but only for less capitalized
cryptocurrencies. This improvement is not reflected in the RMSE. We also conduct a
Granger causality test using post-double LASSO selection for high-dimensional VAR
models. Our results suggest that social media sentiment does not Granger-cause cryp-

tocurrencies returns.
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1 Introduction

The rise of cryptocurrencies has been a significant phenomenon since the introduction of Bit-
coin by Nakamoto (2008). Over the last decade, cryptocurrencies have experienced tremen-
dous growth in their market capitalization and the number of kinds of coins. Several factors
have contributed to this boom, including the reported unprecedented returns of cryptocur-
rencies in social media and journals, which led to a surge of interest among investors, both
professional and non-professional. This was due, in part, to the minimal global regulation
of cryptocurrencies and their perceived use for illegal trades. The potential for significant
returns has also stimulated enthusiasm among investors, much like the Gold Rush in the
western U.S.

Investing in cryptocurrencies is relatively easy, requiring only the downloading of an
app on a smartphone. Consequently, young people represent a significant proportion of
cryptocurrency investorsﬂ Given the young age of the cryptocurrency market, traditional
news outlets are often unable to keep pace with events, leading social media to become the
primary source of information for cryptocurrency investors. Micro-blogging websites like
Twitter ] and Reddit | are commonly used sources for cryptocurrency information.

The high volatility and significant fluctuations in the prices of cryptocurrencies have cre-
ated substantial risks for investors, resulting in heated discussions about their role in the
modern economy (e.g., |Corbet et al.| (2019), Catalini and Gans (2020)), Halaburda et al.
(2020), and |Auer et al.| (2021))). Therefore, developing appropriate methods and models for
predicting prices for digital currencies is relevant for the scientific community and financial
analysts, investors, and traders. Researchers have made significant contributions to this area,
including [Catania et al. (2019) and |Catania and Grassi (2021), who developed a dynamic
model suitable for the complex dynamics of cryptocurrency time series and compared several
alternative univariate and multivariate models for point and density forecasts. In addition,
many studies have shown that Machine Learning algorithms, such as those presented in
Hitam and Ismail (2018), Sun et al. (2020)), and [Miller and Kim| (2021)), are extremely con-
venient in terms of computational time and accuracy when forecasting cryptocurrency time
series. Recent literature has emphasized the importance of specific factors that influence the

demand for cryptocurrencies, which can aid in forecasting their prices, returns, and volatil-

1See https://www.investopedia.com /younger-generations-bullish-on-cryptocurrencies-5223563.
2See https://twitter.com/.
3See https://www.reddit.com/.



ity. According to the efficient market hypothesis (EMH) Fama (1970), market prices reflect
all available information, which implies that predicting stock returns should not be possible.
On the other hand, considerable empirical evidences (see, e.g. |Daniel et al. (2002) for a
comprehensive review) show that investors’ psychology drives the stock market. Specifically
for Bitcoin, |Ciaian et al. (2016) show that attention-driven behaviour from both investors
and users affects the Bitcoin price formation in the short run. This contribution can be
either positive or negative, depending on the type and the point in time of news. These
findings led many researchers to adopt sentiment indexes and attention variables to improve
forecast accuracy. Glenski et al.| (2019)) exploit the predictive power of social signals from
multiple platforms (GitHub and Reddit) to forecast prices for three cryptocurrencies. They
show that social signals reduce error when forecasting daily coin prices and that the language
used in comments within the official communities on Reddit are the best predictors overall.
Kraaijeveld and De Smedt| (2020) show that Twitter sentiment has predictive power for the
returns of several cryptocurrencies. Aslanidis et al.| (2022)) and [Nasir et al| (2019) highlight
the link of Google Trends with cryptocurrencies regarding their returns and volatility.

In this study, we analyze the impact of sentiment variables on cryptocurrency returns
by using a novel dataset that combines a number of social media, search engine data, and
volume. We apply a state-of-the-art sentiment classification technique to investigate whether
sentiment measures contain predictive power for returns. To the best of our knowledge,
similar sets of predictors have not been employed jointly previously. We account for the high
dimensionality of the predictor variables by using a regularization technique known as the
LASSO. This allows us to investigate (i) whether the variables constructed from our novel
dataset can help to improve log-return forecasts using a VAR approach compared to the
benchmark models; (ii) which data source and which type of sentiment or attention measure
is most relevant in terms of Granger-causality in High-Dimensional VARs.

Our findings indicate that the performance of LASSO-VAR models, measured in terms
of Mean Directional Accuracy (MDA), is comparable to that of benchmark models. Addi-
tionally, incorporating sentiment and attention variables as predictors significantly enhances
the forecast accuracy for less capitalized cryptocurrencies. Our results do not reveal any
Granger causality from sentiment indexes to cryptocurrencies returns. Instead, we observe
Granger causality among all cryptocurrencies except Bitcoin, Tether, and Feathercoin, as
well as from returns to the bitcoin sentiment extracted from Twitter. To further test the

robustness of our approach, we conduct an additional analysis forecasting the returns of five



Nasdaq stocks, with and without the use of sentiment variables. As confirmation of our
results, we do not find evidence of improved forecast accuracy when incorporating sentiment
variables for these stocks.

The remainder of the paper is organized as follows. Section [2] deals with data collection,
describing the dataset, its sources, and strategies to construct sentiment indexes. Section
describes the modelling strategy, the estimation, forecasting methods, and the metrics used
for the comparative evaluation of the out-of-sample model predictions. Section [4|summarizes

some selected results. Section [5] presents robustness checks. Section [6] concludes.

2 Data Collection

The present study utilizes multiple data sources to predict cryptocurrency returns and study
the influence and causality of sentiment variables on target variables. Specifically, we obtain
daily data of ten cryptocurrencies from January 2018 to January 2022, as well as Google
Trends and sentiment indexes from Twitter and Reddit for the same period. To further

enhance our dataset, we include volume data for each of the considered cryptocurrencies.

2.1 Cryptocurrency Data

The cryptocurrencies examined in this study are listed in Table |1} which presents them in or-
der of Market Capitalization (MC) as of January 2022. The data utilized in this investigation
were obtained from finance.yahoo.com[

Many reasons brought us to choose this set of cryptocurrencies. First of all, cryptocurren-
cies emerge and disappear continually, while our selected ten currencies have been publicly-
traded consecutively. Moreover, all the currencies chosen have been created with a defined
purpose representing innovative projects which brought development, progress, or value to
the blockchain technology that Bitcoin had implemented. On the other hand, our sample in-
cludes three tier currencies as in Gandal and Halaburda| (2016)). Bitcoin, Ethereum, Tether,
BinanceCoin, whose market capitalizations stay in the world’s top five, are “top-tier” cryp-
tocurrencies. Litecoin, EnjinCoin, Horizen, representing “middle cryptocurrencies” in
market capitalization. Namecoin, Peercoin, and Feathercoin are representative “minor
cryptocurrencies” according to market capitalization. We include Tether (USDT) in our

sample for a specific reason. We know, indeed, that it is a blockchain-based cryptocurrency

4See: https://it.finance.yahoo.com/criptocurrencies/



Table 1: 10 Cryptocurrencies and their symbols, market capitalization (MCs) (as of 31 January 2022).

Cryptocurrency Symbol MC Rank by MC
Bitcoin BTC $702,864,225,136 1
Ethereum ETH $295,905,148,931 2
Tether USDT  $78,188,468,450 3
Binance Coin BNB $63,930,448,963 4
Litecoin LTC $7,479,561,631 21
Enjin Coin ENJ $1,434,490,287 60
Horizen ZEN $505,212,977 120
Namecoin NMC $24,472,607 733
Peercoin PPC $13,809,105 837
Feathercoin FTC $1,927,251 1515

whose tokens in circulation are backed by an equivalent amount of U.S. dollars, making it
a stablecoin with a price pegged to USD $1.00, which leads this currency to be very low
volatile. Tether was designed to build the necessary bridge between fiat currencies and cryp-
tocurrencies and offer users stability, transparency, and minimal transaction charges. We
decided to include it as a counterfactual to understand whether sentiment indexes can help
the prediction of stablecoin currencies. We compute the log returns and include them in our

sample. Table [2| provides several summary statistics.

Table 2: Log-returns summary statistics for the ten cryptocurrencies during the period 1 January 2018 to
31 January 2022

BTC-USD ETH-USD USDT-USD BNB-USD LTC-USD ENJ-USD ZEN-USD NMC-USD PPC-USD FTC-USD

Mean 0.001 0.001 0 0.003 0 0.002 0 -0.001 -0.001 -0.003
Median 0.001 0.001 0 0.001 0 -0.001 -0.001 0.001 -0.001 -0.005
Min -0.465 -0.551 -0.053 -0.543 -0.449 -0.624 -0.546 -1.16 -0.665 -0.474
Max 0.172 0.231 0.053 0.529 0.291 0.768 0.38 0.75 0.567 0.409
Range 0.637 0.781 0.106 1.072 0.74 1.392 0.926 1.91 1.232 0.883
Skew -1.147 -1.099 0.3 0.3 -0.608 1.132 -0.233 -0.869 -0.174 -0.174
kurtosis 14.042 10.795 34.34 15.579 7.947 15.508 6.268 19.999 13.593 4.575
ADF -11.0753 -11.1057 -14.186 -11.1936 -11.3664 -11.201 -11.0829 -12.9631 -12.9892 -11.5868

Notes: all ADF statistics are stationary at 1% level

2.2 Google Trends Data

We collected forty three google trends searches (Table |§] in the Appendix reports the list of
all the Google trends collected).



Figure 1: Google trends words collected
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Google Trends is a search trend feature that shows how frequently a given search term
is entered into Google’s search engine relative to the site’s total search volume over a given
period. Google Trends are available at a daily frequency only if the selected period is less
than nine months. If the time frame is between nine months and five years, weekly data are
provided; if it is longer than five years, data are monthly. A trivial solution like querying
the data month by month and then tying it together will not work in this case because
Google Trends assess interest in relative values within the given time. It means that for a
given keyword and month, Google Trend will estimate the interest identically, with a local
minimum of 0 and a local maximum of 100, for events in one month even if they had twice
as many searches than in the other. To get proper daily estimates, we procede as follows:

1 - Query daily estimates for each month in the specified time frame;
2 - Queries monthly data for the whole time frame;

3 - Multiply daily estimates for each month from step 1 by its weight from step 2.

2.3 Twitter and Reddit Sentiment Indexes

With regard to sentiment indexes, we use the Twitter API v2 El to download tweets using
the name of each cryptocurrency from our sample as a search parameter. We end up with
13,195,084 tweets from 2,253,469 unique users from January 2018 to January 2022. Each
tweet’s query provides the user with the timestamp (UTC+0) and the text containing a
maximum of 280 characters. Concerning Reddit data, we use the Pushshift Reddit API

®See https://developer.twitter.com/en/docs/twitter-api



Baumgartner et al.| (2020)) to collect comments under the official subreddit of each cryp-
tocurrency included in our sample. We gather a total of 4,406,897 comments from 420,024
unique users in the same time frame specified above. We are aware that increasing the
daily quantity of tweets and comments collected would enhance the quality and results of
our study. However, we believe that our sample is enough to get the representative social
sentiment we are looking for.

The sentiment time series are created using Valence Aware Dictionary and Sentiment Rea-
soner (VADER) algorithm Hutto and Gilbert| (2014). It uses a list of lexical features, op-
timized for social media texts, (words, punctuation, and emoticons) labelled as positive or
negative according to their semantic orientation to calculate the text sentiment. Vader sen-
timent returns the probability of a given input sentence to be positive, negative, and neutral.
In particular, every tweet and comment are passed to the algorithm. Therefore, we retrieve
a Valence score for each of them which is measured on a scale from -4 to +4, where -4 stands
for the most “Negative” sentiment and +4 for the most “Positive” sentiment. Midpoint 0
represents a “Neutral” Sentiment. The unidimensional measure the algorithm can retrieve is
called the “Compound Score”. It is computed by summing the valence scores of each word
in the lexicon, adjusted according to the rules, and then normalized to be between -1 (most

extreme negative) and +1 (most extreme positive):

O= Ve .

Where z is the sum of the valence score of constituent words, and « is a normalization
constant (the default value is 15). Finally, we obtain the compound score for each input
processed and aggregate them into daily frequency. In particular, for Twitter, we get the
daily measure of sentiment (DS) by weighting each Tweet score by its number of retweets.

I
DS = Zz:jl rlCZ (2)

i=1Ti
Where [ is the total number of Tweets in a day, r; is the number of retweets. It is essential
to say that we increased the number of retweets by one. This procedure allows us to perform
the weighted average in for those days where Tweets had zero retweets. At the same
time, weighting Tweets with zero retweets is like assuming they are shared only by the author
and nobody else. With this procedure, we seek to give more importance to those Tweets

that most people share among their community. In Table [10] we report the cross-correlation



coefficients between cryptocurrencies and their specific sentiment from Twitter and Reddit.
Most average cryptocurrency values at time ¢t = 0 are significantly correlated with lagged
observations of their specific sentiment up to one week before. This is crucial evidence of

how influential sentiment variables are in our models to increase predictive accuracy.

2.4 Volume

We complete our dataset with cryptocurrencies volume. The dynamic volume-return could
bring valuable information which can be used for price predictions or trading strategies.
Generally speaking, the literature concerning the relationship between volume and returns
suggests that there is a positive correlation between them (see, e.g. |Jain and Joh| (1988) and
Llorente et al.| (2002)). Concerning cryptocurrencies, there is a growing literature studying
the volume-return relation. |Balcilar et al. (2017) employ a non-parametric causality-in-
quantiles test to assess the causality relation between trading volumes and bitcoin returns
and volatility. They show that volume can predict returns, except during bull and bear pe-
riods in the Bitcoin market. [Zhang et al. (2018) investigate the return-volume relationship
of the Bitcoin market based on multifractal detrended cross-correlation. They found that
Bitcoin exhibits a non-linear dependent relationship in return-volume with cross-correlations
of return-volume showing anti-persistent behaviour. Another, Naeem et al. (2020) explore
extreme return-volumes dependence among the highest capitalized cryptocurrencies using
the Copula approach. They discovered that coefficients of lower tail dependence are signif-
icant for Bitcoin, Ripple, and Litecoin, which means that low volumes follow low returns.
Lower tail dependence for the return-volume relationship is stronger than the upper tail
dependence for Bitcoin, Ripple, and Litecoin. Moreover, for negative return-volume, left tail
dependence coefficients are significant for Ripple and Litecoin, which means that low volumes
follow high returns for Ripple and Litecoin. Finally, in a recent work, |Chan et al.| (2022)
investigate the extreme dependence and correlation between high-frequency cryptocurrency
returns and transaction volumes, at the extreme tails associated with booms and busts in
the cryptocurrency markets. Applying an extreme value theory approach, they found a weak

positive correlation between return and volume at the tails.



3 Methods

3.1 LASSO-VAR

The LASSO is a method for automatic variable selection and parameters shrinkage. It can
be used to select the most informative predictors of a target variable Y from a set of variables
and parameters, possibly larger than sample information, virtually making high-dimensional
modelling and forecasting feasible for any degree of model dimension and complexity. The
LASSO has been initially developed for a single equation setting by Tibshirani (1996]). The
LASSO approaches curve fitting as a quadratic programming problem, where the objective
function penalizes the total size of the regression coefficients based on the value of a tuning
parameter, A. In doing so, the LASSO can drive the coefficients of irrelevant variables to
zero, thus performing the automatic variable selection. The strength of the penalty must be
tuned. The stronger the penalty, the higher the number of coefficients that are shrunk to
zero. The model is thus forced to select only the most important predictors, i.e. those with
the highest contribution to the prediction of the target variable.

Let {y;}7_; be a K dimensional multiple time series process generated by VAR process of
order p, denoted as VAR(p):

Y = Ay F oo App g,
U ~ N(07 Eu)

(3)

In our analysis, we fix the maximum order of lag p to fourteen days, as suggested by the
Bayesian Information Criterion, calculated over the full sample, i.e. including data up to
the end of January 2022. Notice that, since we standardize data before modelling, the K-
dimensional intercept vector is not considered in the VAR. Each A; is a K x K matrix of
coefficients for the endogenous variables, and u; ~ (0,3,) is the vector of reduced-form

errors.

For notation convenience we will introduce a compact matrix representation of



Y = [yps1,---,yr] (K xT);
Ze =Yy -y [Lx Kpl;
Z=[Zy,..;Zr-p (
A=[A,... A] (K xKp);
U = [ug,...,ur] (

We can express the VAR in as
Y =AZ+ U, (4)

with U ~ N(0,I, @ ).

The LASSO objective function is minimized as follows:

R 1
A(N) =argmf;nTHAZ—YH§+AHAH1, (5)

where A is the shrinkage parameter.

Together with the homoskedastic framework described above, we decide to account for het-
eroskedasticity estimating the model through Feasible GLS estimator assuming an AR(1)
process for the errors. In particular, we take the estimated residuals of the homoskedastic
case and we regress them to their lagged value obtaining the estimate for the autocorrelation
parameter.

For each k' equation in the VAR in we will have:

Upt = Prlki—1 + €y (6)

where |p] < 1 and €, is white noise with variance 7. Then

L o g oo
o} P 1 Pk P
E(uguy,) = 1 _kp2 f =0Ty (7)
k
_pzfl pg*Q ,0273 . 1 |

Since T}, is symmetric and positive definite, there exists a nonsingular (7" x T') matrix
L, such that:
T, ! = L}L (8)
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We can the rewrite the VAR in @ as:
YL, = AZL,+ UL, =Y =AZ+U (9)

with U ~ N(0, T, ® Q).
The Feasible GLS LASSO objective function is minimized as follows:

~ 1 ~ ~
A()N) :argmAinTHAZ—Y||§—|—)\||A||1, (10)

By applying the LASSO procedure, we seek to obtain a sparse structure for the coefficient
matrices. The optimization problem is solved by applying a coordinate descent numerical

procedure, as explained in Kim et al.| (2007) and Friedman et al. (2010)).

3.2 Calibrating the LASSO-VAR through time series cross-validation

As immediately evident from (L0)), lambda ()) is the most important parameter in the
LASSO framework. The selection of the best predicting model depends on its calibration,
which should not be sample-specific. A cross-validation stage is thus employed to get the
“optimal” value for \.

In this respect, we emply an expanding window (more precisely, an “anchored walk forward”)
approach to cross-validation, which is the standard practice in many analyses considering
time series modelling. In practice, the data is divided into a training and a test sample. The
test set is being held for final evaluation, whereas the training set is further split into three
subsets.

An example of 3-split time series cross-validation method is depicted in Figure [2]

Train CVIII
Train CV .

= D

Figure 2: Graphical example of the 3-split time series cross validation
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Time series cross-validation essentially considers time dependence, such that the training set
is always built considering observations prior to the test set. The anchored walk-forward
cross-validation method implies a gradually expanding training set, pushing forward a fixed
dimension test set. In practice, we chose the shrinkage intensity parameter (\) at each
recursive forecast step, which optimizes the results of out-of-sample forecast in terms Root
Mean Squared Error. We decide for a 5-split time series cross validation considering forecast

performances and computational time.

3.3 Evaluation of the forecasting performances

After estimating the sparse model resulting from the cross-validated LASSO-VAR, we pro-
ceed to forecast. We use the sample from 01/01/2018-12/31/2021 to obtain initial parameter
estimates for all models, which are then used to predict outcomes from 01/01/2022 (h = 1)
to 01/04/2022 (h = 4). In the next period, we include data for 01/01/2022 in the estima-
tion sample and use the resulting estimates to predict the outcomes from 01/02/2022 to
01/06,/2022. We proceed recursively in this fashion until 01/31/2022, thus generating a time
series of point forecasts. In (11)) we show the standard procedure to obtain out-of-sample

forecasts when a VAR is assumed to be the data generating process.

Yrenr = ¢+ Ayrpn—yr + ... + Apyrin—pr- (11)

In order to evaluate the forecasting model performances, we adopt the Root Mean Squared
Error (RMSE) and the Mean Directional Accuracy (MDA):

(12)
t—h
1 ) ) . N
MDA = T ; SN (Yir+h — Yirrh—1) == SIGN(Yi,r+h — Yir+h—1)- (13)

We evaluate the performances of our selected models by comparing the results with the
two multivariate high-dimensional time series forecasting model alternatives in discrete time.
Specifically, we consider the Large Bayesian VAR (LBVAR) introduced by Banbura et al.
(2010) and Factor Augmented VAR (FAVAR) proposed by Bernanke et al.| (2005)).

The latter model, in particular, is estimated using specific factors for Google Trends, Twitter

11



and Reddit Sentiments and, Volumes. We created the factor series summing the orthogonal
principal components so that we could achieve at least the 50% of explained variance for
each group. Finally, in order to test the statistical significance of differences in point fore-
casts, we consider pairwise tests of equal predictive accuracy (henceforth, EPA; Diebold and
Mariano| (2002)); West| (1996))) in terms of RMSE. All EPA tests we conduct are based on
a two sided test with the null hypothesis being the LBVAR and FAVAR benchmarks. We
use standard normal critical values. Based on simulation evidence in |Clark and McCracken
(2013)), when computing the variance estimator which enters the test statistic we rely on
serial correlation robust standard errors and incorporate the finite sample correction due to
Harvey et al| (1997). In Table[6] we use ***, ** and * to denote results which are significant
at the 1%, 5% and 10% levels, respectively, in favor of the model listed at the top of each
column compared with LBVAR. We use *** ** and * when we compare our models with
FAVAR.

3.4 High-dimensional Granger causality test

The concept of Granger causality captures the predictability given a particular information
set Granger| (1969, 1980). If the addition of variable I to the given information set =
alters the conditional distribution of another variable J, and both I and = are observed
prior to J, then I improves the predictability of J and is said to Granger cause J with
respect to Z. |Granger| (1969) considers = in a theoretical and non-practicable way as all
the information available in the universe. The choice of the information set plays thus a
crucial role in determining (non-)Granger causality. Cases of spurious Granger causality
from I to J may arise when both I and J are Granger caused by ), but @) is omitted from
=. High-dimensional models may avoid possible spurious causality due to omitted variables.
Of course, conditioning on so many variables leads to the curse of dimensionality, rendering
many standard statistical techniques invalid. To overcome the problem mentioned above,
regularized estimation procedures as the LASSO can be used. As described in [Hecq et al.
(2019), one might be tempted to perform the LASSO as in on E]:

yr =26 +u; = ZgcPac + Z%q0P-co + u, (14)

SWhere y; = vec(Yy ) denote the Ny x 1 stacked vector containing all the observations of the variables
in J. Similarly u; = vec(Uy), Z® =1y, ® Z and 8 = vec(A). GC and —GC stand respectively for chosen
possible Granger causing variables and remaining variables.

12



testing the parameter significance of the selected “Granger-causing” variables. However,
this procedure does not consider that the final and selected model is random and function
of the data. The randomness in the selection step means that post-selection estimators
do not converge uniformly to a normal distribution, as the potential omitted variable bias
from omitting weak, but still relevant, variables in the selection step is too large to perform
uniformly valid inference. Many authors tried to cope with this issue (see Hecq et al.| (2019)
for a comprehensive review). We adopt the procedure proposed by Hecq et al. (2019) who
specifically implemented a post-double-selection procedure, initially developed by Belloni
et al| (2014), in a VAR context. The idea behind their approach is that = is made of
variables of interest, possible Granger-causing variables and the remaining variables. Their
idea is to regress both the variable of interest and possible Granger-causing variables on the
remaining variables. These regressions could be high-dimensional and cannot be estimated
by least square. The remaining variables retained are those whose parameter is significant in
at least one of the regressions mentioned above. In this case, the omitted variable bias will
only occur if the LASSO fails to select a relevant variable in both regressions simultaneously.
As the probability for this to occur decreases quadratically, this is negligible asymptotically
and allows for valid inference.

In our application we test the (non-)Granger Causality for all the variables in our dataset
considering all the possible combinations. Furthermore, since the time series length of our
variables is much higher in magnitude compared to the number of covariates, we do not need
to set any bound on the penalty to ensure that in each regression a maximum of variables are

selected. In this case, we tune A selecting the one which minimizes the Bayesian information
criterion (BIC).
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4 Results and analysis

In this study, we undertake a comparison of our proposed methodologies with the alternative
models that were previously introduced in Section [3.3|evaluating the performances removing
sentiment and attention variables. To this end, we present the MDA statistics for the return
of each cryptocurrency in Table 3] which summarizes the forecasting accuracy of each model.
The table is divided into four sections, each focusing on a different forecast horizon, with the
rows pertaining to individual cryptocurrencies. Our analysis reveals that FGLS LASSO-VAR
and LBVAR exhibit superior performance in terms of MDA. Notably, the heteroscedastic
VAR model achieves better results for longer forecast horizons. Additionally, our findings
indicate significant variations in the forecasting ability of cryptocurrencies that belong to
the three tiers classified in Section Specifically, we observe that minor cryptocurrencies

exhibit comparatively lower MDA results when compared to other digital currencies.
Table 3: The table shows the Mean Directional Accuracy of model ¢ for variable j computed as MDA =

% S sign(yes1,ij — vi,ij) == sign(fei1,ij — fri,j). Where N = 29 are the directions for 30 days forecast. y is the ac-
tual value and f is the forecast. Bold values are the best results.

Variable FGLS LASSO-VAR OLS LASSO-VAR LBVAR FAVAR Variable FGLS LASSO-VAR OLS LASSO-VAR LBVAR FAVAR

h=1 h=2
BTC-USD  52.00% 48.00% 60.00% 56.00% BTC-USD  50.00% 57.69% 65.38% 50.00%
ETH-USD  40.00% 52.00% 52.00% 44.00% ETH-USD  57.69% 53.85% 61.54% 50.00%
USDT-USD  60.00% 64.00% 60.00%  60.00% USDT-USD 73.08% 65.38% 46.15%  69.23%
BNB-USD  56.00% 48.00% 52.00%  36.00% BNB-USD  65.38% 61.54% 61.54%  30.77%
LTC-USD  48.00% 52.00% 60.00% 52.00% LTC-USD  53.85% 57.69% 65.38% 50.00%
ENJ-USD  52.00% 56.00% 40.00%  44.00% ENJ-USD  53.85% 69.23% 50.00%  42.31%
ZEN-USD  64.00% 56.00% 56.00%  52.00% ZEN-USD  65.38% 61.54% 61.54%  57.69%
NMC-USD  48.00% 52.00% 72.00% 64.00% NMC-USD  53.85% 57.69% 65.38% 61.54%
PPC-USD  36.00% 24.00% 48.00% 40.00% PPC-USD  34.62% 38.46% 50.00% 46.15%
FTC-USD  40.00% 40.00% 76.00% 80.00% FTC-USD  50.00% 42.31% 69.23% 69.23%
h=3 h=4
BTC-USD  51.85% 51.85% 62.96% 44.44% BTC-USD 53.57% 50.00% 53.57%  46.43%
ETH-USD  51.85% 55.56% 59.26% 55.56% ETH-USD  53.57% 57.14% 60.71% 57.14%
USDT-USD 81.48% 70.37% 48.15%  59.26% USDT-USD  75.00% 67.86% 42.86%  60.71%
BNB-USD  66.67% 66.67% 51.85%  25.93% BNB-USD  60.71% 53.57% 42.86%  35.71%
LTC-USD  44.44% 51.85% 59.26% 48.15% LTC-USD  42.86% 46.43% 64.29% 42.86%
ENJ-USD 62.96% 55.56% 51.85%  44.44% ENJ-USD  60.71% 53.57% 50.00%  50.00%
ZEN-USD  62.96% 59.26% 59.26%  55.56% ZEN-USD  64.29% 53.57% 67.86% 53.57%
NMC-USD  51.85% 55.56% 59.26%  62.96% NMC-USD  50.00% 50.00% 67.86% 71.43%
PPC-USD  44.44% 44.44% 48.15%  51.85% PPC-USD  42.86% 46.43% 50.00% 57.14%
FTC-USD  48.15% 51.85% 66.67% 70.37% FTC-USD  46.43% 50.00% 67.86%  75.00%

Table (4] presents the average results of each model, including the heteroscedastic model
without sentiment and search engine data. Our analysis indicates that, on average, LASSO-
VAR models exhibit similar directional accuracy to the LBVAR benchmark model. However,

it is worth noting that the model estimated without sentiment and Google trends data
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experiences a significant decrease of 16 percentage points in terms of MDA performance

when compared to the full model.

Table 4: Average MDA scores obtained from each model tested.

FGLS LASSO-VAR

FGLS LASSO-VAR OLS LASSO-VAR LBVAR FAVAR

(without sentiment and gtrends)
MDA h=1 51.85% 49.20% 48.00% 57.60%  52.80%
MDA h=2 55.77% 56.54% 48.46% 59.62%  52.69%
MDA h=3 56.67% 56.30% 49.63% 56.67%  51.85%
MDA h=4 55.00% 52.86% 46.79% 56.79%  55.00%

At this juncture, we seek to ascertain which cryptocurrencies’ forecasts are most impacted
by the exclusion of sentiment and attention variables from the model. To this end, we present
the average MDA results for each cryptocurrency computed over the four forecast horizons
for the FGLS LASSO-VAR model, with and without sentiments and Google Trends, in
Table |5l Our analysis reveals that the forecasts for middle and minor cryptocurrencies are
significantly affected by the exclusion of sentiment variables. This finding is noteworthy
as it suggests that stronger and more established currencies are essentially immune to the
influence of sentiment variables, whereas the price movements of minor cryptocurrencies may
be swayed by sentiments, perhaps due to their nascent stage or relatively weaker ideas and

projects.

Table 5: Average MDA scores computed over the forecast horizons for each cryptocurrencies.

FGLS LASSO-VAR

(without sentiment and gtrends)

FGLS LASSO-VAR

BTC-USD 51.86% 51.93%
ETH-USD 50.78% 49.22%
USDT-USD 72.39% 66.94%
BNB-USD 62.19% 55.74%
LTC-USD 47.29% 46.18%
ENJ-USD 57.38% 46.26%
ZEN-USD 64.16% 56.66%
NMC-USD 50.92% 42.55%
PPC-USD 39.48% 25.21%
FTC-USD 46.14% 41.51%
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Table |§| displays the forecast performances in terms of root mean square error (RMSE).
Our findings indicate that LBVAR model produces the most accurate results in absolute
terms. However, these results are not statistically different from those obtained with OLS
and FGLS VARs, as indicated by the equal predictive ability (EPA) tests. This outcome
could be attributed to the ability of the Bayesian model to set a general and specific shrinkage
intensity for each parameter, leading to more precise estimates. In contrast, both LASSO
regularized models exhibit significantly better performance than FAVAR, as evidenced by
the EPA tests.

Table 6: The table shows the RMSE of model i computed as RMSE;; = 4/ 5_:}; efj +an- Where efj -1, are the squared

forecast error of variable j at time 7 and forecast horizon h = 1,...,4 generated by model i. £ and ¢ denote the start and the end
of the out-of-sample period. All forecast are generated out-of-sample using recursive estimate of the model, with ¢ = 01/01/2022
and £ = 01/31/2022. Bold number represent the best results in a row. * significance at the 10% level; ** significance at the 5%
level; *** significance at the 1% level

Variable FGLS LASSO-VAR OLS LASSO-VAR LBVAR FAVAR Variable FGLS LASSO-VAR OLS LASSO-VAR LBVAR FAVAR

h=1 h=2
BTC-USD  0.0423*** 0.0399%** 0.0324  0.1866 BTC-USD  0.0418** 0.0410** 0.0309 0.1490
ETH-USD  0.0558** 0.0584** 0.0501 0.2333 ETH-USD  0.0565%* 0.0585%* 0.0482 0.1862
USDT-USD  0.0043*** 0.0045%** 0.0007  0.1996 USDT-USD  0.0039*** 0.0039%** 0.0007 0.2052
BNB-USD  0.0773%** 0.0784*** 0.0513 0.2074 BNB-USD  0.0731%** 0.0757*** 0.0498 0.1824
LTC-USD  0.0610%** 0.0589%** 0.0458 0.2152 LTC-USD  0.0595%** 0.0567*** 0.0449 0.1693
ENJ-USD  0.0974*** 0.0958*** 0.0774  0.2902 ENJ-USD  0.0914%** 0.0906*** 0.0745 0.2253
ZEN-USD  0.0832%** 0.0846*** 0.0641 0.2872 ZEN-USD  0.0791%** 0.0798*** 0.0625 0.2247
NMC-USD  0.1210%** 0.1209%** 0.0628 0.2395 NMC-USD  0.1094** 0.1101** 0.0632 0.1830
PPC-USD  0.0763*** 0.0733%** 0.0447 0.1941 PPC-USD  0.0674*** 0.0669*** 0.0465 0.1610
FTC-USD  0.0993*** 0.1000%** 0.0690 0.2296 FTC-USD  0.0980** 0.0976** 0.0700 0.1817
h=3 h=4
BTC-USD  0.0397** 0.0386** 0.0301 0.1381 BTC-USD  0.0408%** 0.0392%** 0.0294 0.1068
ETH-USD  0.0542* 0.0548* 0.0471 0.1642 ETH-USD  0.0537* 0.0538* 0.0462 0.1210
USDT-USD  0.0031%** 0.0032%** 0.0006 0.1963 USDT-USD  0.0035*** 0.0037%** 0.0006 0.1376
BNB-USD  0.0687*** 0.0689*** 0.0492 0.1719 BNB-USD  0.0673*** 0.0670%** 0.0479  0.1290
LTC-USD  0.0608*** 0.0587*** 0.0441 0.1499 LTC-USD  0.0596*** 0.0571%%* 0.0430 0.1157
ENJ-USD  0.0882%** 0.0861*** 0.0723  0.2015 ENJ-USD  0.0870*** 0.0844*** 0.0702 0.1630
ZEN-USD  0.0753*** 0.0728%** 0.0606 0.2031 ZEN-USD  0.0734%*** 0.0712%** 0.0583 0.1584
NMC-USD  0.1025* 0.1014* 0.0632 0.1611 NMC-USD  0.1008 0.0993 0.0616 0.1289
PPC-USD  0.0628*** 0.063286*** 0.0470 0.1349 PPC-USD  0.0624*** 0.0625%** 0.0499 0.1222
FTC-USD  0.0952%* 0.092383** 0.0676 0.1600 FTC-USD  0.0958** 0.0925 0.0675 0.1251

Lastly, Table [7] demonstrates that sentiment variables do not enhance the forecast accu-
racy in terms of RMSE. This result could be attributed to the intrinsic nature of sentiment
indexes. Asindexes, sentiments do not furnish the model with precise information concerning
the actual out-of-sample value of the returns. Instead, they provide directional information
about our target variables. This translates into better performance in terms of MDA, as
evidenced in Table [ but not in terms of RMSE.

16



Table 7: Average RMSE scores obtained from each model tested.

FGLS LASSO-VAR

FGLS LASSO-VAR OLS LASSO-VAR LBVAR FAVAR
(without sentiment and gtrends)
RMSE h=1 0.0719 0.0715 0.0774 0.0498  0.2283
RMSE h=2 0.0681 0.0681 0.0754 0.0491  0.1868
RMSE h=3 0.0651 0.0641 0.0710 0.0482  0.1681
RMSE h=4 0.0645 0.0631 0.0693 0.0475  0.1308

With regards to Granger causality, we present networks of returns, sentiment, and volume
variables in Figures[3| [ and [5] respectively. The arrows in the figures represent the direction
of Granger causality when the null hypothesis is rejected with p-values of LM test < 0.01.
The p-values for each combination tested are reported in Appendix Tables: [LI[I2T3] and
[14F]

Based on Figure [3| we can conclude that there is no Granger causality between Twitter
sentiments and cryptocurrencies returns. However, returns seem to cause each other, and
most of them cause the Bitcoin sentiment extracted from Twitter. From this finding, it is
reasonable to interpret Bitcoin Twitter sentiment as a general index for all cryptocurrencies
markets. It is also interesting to note that the largest and smallest cryptocurrencies in

market capitalization are outside the cluster formed by all the other currencies.

"For simplicity, we omitted some combinations when testing Granger causality from Google trends.
However, the p-values reported were computed considering search engine data as ”other variables”.
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Figure 3: The figure shows a network between Twitter sentiment indexes and returns.The direction of the
arrows represents the direction of the Granger causality

Same results are obtained focusing on the relation between Reddit sentiments and returns.
Figure [4] shows, in fact, that sentiments obtained from Reddit are not Granger causing their
respective cryptocurrency. Also, in this case, Bitcoin, Feathercoin, and the stablecoin Tether
are outside the cluster created by the other currencies. It is interesting to focus on the cluster
formed by several sentiments around the Bitcoin one. This finding may describe that the
euphoria in specific currencies Sub-reddit is linked to the users’ feelings expressed in the

Bitcoin Sub-reddit, which pushes the others.
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Cryptocurrencies — Reddit Sentimet
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Figure 4: The figure shows a network between Reddit sentiment indexes and returns.The direction of the
arrows represents the direction of the Granger causality

Figure 5[ shows the Granger causality network between returns and volume.

Cryptocurrencies — Volume
Network
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Figure 5: The figure shows a network between Volume and returns.The direction of the arrows represents

the direction of the Granger causality

In this case, we can see that returns are Granger causing currencies volume. These
results suggest that movements in cryptocurrency returns may influence the market of the

others, primarily via demand shocks. Finally no causality is found from Google trends and
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cryptocurrencies return.
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5 Robustness

This section aims to investigate whether the observed positive impact of sentiment and
attention variables on forecasting accuracy is unique to cryptocurrencies or if it can enhance
the predictive performance of regular stocks time series. To this end, we have constructed a
dataset in a similar fashion to that described in Section [2] utilizing the following stocks: Tesla
Inc. (TSLA), Intel Corporation (INTC), Apple Inc.(AAPL), Acrivision (ATVI), Starbucks
Corporation (SBUX). Given that stocks log returns are often subject to heteroskedasticity,
we employ the Feasible GLS LASSO VAR methodology to account for this characteristic.
We assess the effectiveness of incorporating sentiment indexes into the forecasting model
by comparing the predictive performance of models with and without these variables. The

findings of this analysis are presented in Table

Table 8: Average MDA and RMSE scores computed over the forecast horizons for each Stocks.

FGLS LASSO-VAR

(without sentiment and gtrends)

FGLS LASSO-VAR

RMSE MDA RMSE MDA
TSLA  0.0642 44.23% 0.0575 51.06%
INTC 0.0911 50.85% 0.0902 51.90%
AAPL 0.0223 55.84% 0.0232 68.42%
ATVI  0.0423 54.49% 0.0439 60.53%
SBUX 0.0231 40.49% 0.0213 50.27%

As can be discerned from the table, in the case of stocks, the exclusion of sentiment and
attention variables from the model leads even to improved forecast performance, particularly
in terms of MDA. This finding corroborates the notion that sentiments extracted from social
media and search engines may primarily affect relatively new and less capitalized currencies,
and may not have an impact on the forecast performance of actual stocks or highly capitalized

cryptocurrencies.
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6 Conclusion

We conducted a study using a novel dataset that combines cryptocurrencies returns, social
media sentiment indexes, Google trends, and volume. Our objective was to investigate
whether these variables can improve log-return forecasts through the use of regularized high-
dimensional VAR models compared to benchmark models. We also aimed to determine
which data sources and types of sentiment or attention measures are most relevant in terms
of Granger-causality in High-Dimensional VARs.

Our results indicate that, for a thirty-day forecast, our regularized high-dimensional
VAR models perform similarly in terms of Mean Directional Accuracy (MDA) compared to
the most popular benchmark models. Furthermore, we find that sentiment and attention
measures significantly contribute to achieving better MDA performance for middle and low
capitalized cryptocurrencies, but have no impact on highly capitalized cryptocurrencies and
stocks (which we used as a robustness check). This finding may be crucial for portfolio
selection strategies and investment analysis.

We also investigated Granger causality between the variables and found that the contri-
bution of sentiment and search engine variables is not translated into Granger causality. In
most cases, we cannot reject the null hypothesis of (non-)Granger causality. However, we

did find an interesting connection between volume and cryptocurrency returns.
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A Appendix

Table 9: Google Trends collected from January 2018 to January 2022.

Google Trends

binance coin zen coin
crypto crash coinbase
miner BTC

USD coin hard fork
cardano stablecoin
cryptocurrency  cold storage
minted coin

solana hash
feathercoin tether
cryptography litecoin
dogecoin engin coin
digital gold hashing
Bitcoin token

NFT crypto
ripple I1CO
private key cotn. market
peercoin soft fork
namecoin block producer
satoshi distributed ledger
hot wallet digital fiat
blockchain consensus
ethereum
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Table 11: p-values of Post-double-selection Granger causality LM test from cryptocurrencies returns to
other variables

GCto| GCfrom— BTC-USD ETH-USD USDT-USD BNB-USD LTC-USD ENJ-USD ZEN-USD NMC-USD PPC-USD FTC-USD

BTC-USD NA 0.0160 0.5806 0.0766 0.0480 0.8495 0.1692 0.2867 0.0509 0.3835
ETH-USD 0.2424 NA 0.1301 0.1656 0.6113 0.7493 0.2147 0.0308 0.0095 0.6677
USDT-USD 0.0304 0.0082 NA 0.0849 0.0607 0.0530 0.1661 0.1990 0.0586 0.0592
BNB-USD 0.4005 0.0990 0.2285 NA 0.0099 0.0953 0.1949 0.1746 0.0018 0.0100
LTC-USD 0.1818 0.0343 0.1641 0.1758 NA 0.3354 0.0577 0.1425 0.0348 0.0694
ENJ-USD 0.0634 0.0180 0.8120 0.0017 0.0005 NA 0.5604 0.0110 0.0000 0.2315
ZEN-USD 0.0762 0.0439 0.1940 0.5320 0.2329 0.0437 NA 0.2635 0.0713 0.8826
NMC-USD 0.0251 0.0002 0.0703 0.0000 0.0009 0.0011 0.0007 NA 0.0001 0.1259
PPC-USD 0.1485 0.0054 0.5124 0.0277 0.0392 0.4461 0.1795 0.9247 NA 0.0804
FTC-USD 0.1446 0.0309 0.8128 0.0260 0.0107 0.7316 0.0719 0.9981 0.0158 NA
binance_twitter 0.3954 0.2646 0.6356 0.6085 0.4001 0.3064 0.2354 0.9448 0.4448 0.6705
bitcoin_twitter 0.0037 0.0004 0.0005 0.0294 0.0085 0.0002 0.0004 0.0051 0.0489 0.0097
enjin_twitter 0.8122 0.7953 0.1428 0.3382 0.6695 0.8774 0.2228 0.7266 0.9771 0.4733
ethereum_twitter 0.5745 0.5471 0.4612 0.1124 0.5614 0.6184 0.4833 0.2719 0.0030 0.9763
feathercoin_twitter ~ 0.1760 0.4113 0.2249 0.8650 0.2708 0.5450 0.2588 0.6098 0.5435 0.3414
horizen_twitter 0.3166 0.7868 0.1714 0.1453 0.2374 0.3077 0.4665 0.6470 0.3518 0.5166
litecoin_twitter 0.4395 0.4252 0.4043 0.9540 0.3795 0.1323 0.1898 0.4090 0.6604 0.1760
namecoin_twitter 0.8102 0.5725 0.6608 0.5611 0.8145 0.1292 0.0801 0.0839 0.8672 0.1424
peercoin_twitter 0.4027 0.5644 0.5816 0.2592 0.7573 0.8720 0.2728 0.8352 0.4572 0.6181
tether_twitter 0.0963 0.4915 0.0152 0.5721 0.5265 0.0875 0.7624 0.5208 0.0772 0.3862
binance_reddit 0.6541 0.6082 0.6289 0.2662 0.9793 0.5826 0.9291 0.8083 0.5520 0.6791
bitcoin_reddit 0.0672 0.0673 0.8790 0.1642 0.0385 0.2775 0.0991 0.1266 0.0427 0.4702
enjin_reddit 0.6851 0.4729 0.4735 0.5772 0.8391 0.9730 0.2725 0.0446 0.6572 0.2913
ethereum_reddit 0.1089 0.2272 0.2207 0.7603 0.7171 0.7370 0.4804 0.3783 0.5760 0.3082
feathercoin_reddit 0.0561 0.1935 0.9954 0.0507 0.0470 0.4072 0.0116 0.2093 0.0256 0.2115
horizen_reddit 0.5628 0.7018 0.5875 0.3949 0.3620 0.7171 0.9944 0.6513 0.6111 0.9837
g 0.7097 0.4810 0.3864 0.8410 0.5646 0.5027 0.5521 0.9301 0.9295 0.8797
namecoin_reddit 0.3928 0.0413 0.1420 0.2572 0.1178 0.3858 0.5974 0.5896 0.0552 0.0687
peercoin_reddit 0.6658 0.7312 0.5510 0.6567 0.4873 0.6190 0.6782 0.1117 0.6449 0.7178
tether_reddit 0.3356 0.3148 0.4185 0.5696 0.4660 0.9597 0.2934 0.1441 0.0401 0.9379
binance coin 0.0000 0.0000 0.6609 0.0000 0.0000 0.0834 0.0048 0.2576 0.1140 0.2205
crypto crash 0.0000 0.0000 0.9778 0.0000 0.0000 0.0000 0.0000 0.0462 0.0000 0.0191
miner 0.0041 0.0322 0.4051 0.0505 0.0067 0.2852 0.1471 0.7523 0.6174 0.7578
USD coin 0.0034 0.0046 0.4258 0.0045 0.0001 0.7856 0.0409 0.4670 0.3972 0.0062
cardano 0.1536 0.0814 0.4645 0.0067 0.1593 0.9221 0.5557 0.1927 0.0998 0.2494
cryptocurrency 0.0006 0.0001 0.3861 0.0000 0.0001 0.0009 0.0065 0.0107 0.0018 0.1033
minted 0.4002 0.2837 0.8245 0.1180 0.4083 0.0446 0.5992 0.7046 0.9410 0.4048
solana, 0.7416 0.5055 0.3076 0.0797 0.3734 0.2871 0.3570 0.7301 0.9052 0.5513
feathercoin 0.0862 0.0739 0.1444 0.6347 0.0005 0.1046 0.5542 0.0006 0.7720 0.0682
cryptography 0.1061 0.0340 0.4799 0.1491 0.1080 0.4966 0.6945 0.7332 0.8046 0.2341
dogecoin 0.3726 0.1008 0.9989 0.4082 0.3151 0.5171 0.5089 0.8553 0.2065 0.2517
digital gold 0.3546 0.2963 0.3691 0.7348 0.4403 0.2610 0.8192 0.9313 0.2141 0.2325
Bitcoin 0.0159 0.0001 0.4836 0.0000 0.0063 0.0006 0.0075 0.1809 0.0182 0.0678
NFT 0.1294 0.0845 1.0000 0.0804 0.1433 0.0188 0.0391 0.8159 0.7121 0.1280
ripple 0.1088 0.1370 0.1399 0.0069 0.0273 0.3337 0.6380 0.1514 0.6041 0.9649
private key 0.2985 0.1430 0.5925 0.5632 0.4996 0.6208 0.3199 0.3138 0.3721 0.3507
peercoin 0.7811 0.2091 0.6699 0.9692 0.3320 0.8001 0.9222 0.5993 0.0050 0.5869
namecoin 0.1008 0.0260 0.6049 0.1510 0.1160 0.1320 0.2546 0.0081 0.8135 0.0356
satoshi 0.0005 0.0130 0.0430 0.6887 0.0051 0.8851 0.3407 0.3459 0.2010 0.0012
hot wallet 0.0568 0.0244 0.1037 0.1298 0.0174 0.2064 0.8107 0.6797 0.1160 0.1919
blockchain 0.0000 0.0007 0.8780 0.1187 0.0000 0.4025 0.1450 0.1267 0.0590 0.3071
ethereum 0.0000 0.0000 0.8132 0.0235 0.0002 0.4269 0.1647 0.4441 0.0007 0.0779
zen coin 0.0903 0.3427 0.2019 0.3071 0.0986 0.0698 0.8930 0.7814 0.6367 0.8439
coinbase 0.0011 0.0294 0.7721 0.1764 0.0020 0.1930 0.4510 0.5053 0.2014 0.4402
BTC 0.1413 0.0050 0.5335 0.0199 0.1986 0.0085 0.2251 0.3561 0.3073 0.2519
hard fork 0.8211 0.9871 0.3466 0.6733 0.9744 0.9280 0.6540 0.4868 0.2830 0.7385
stablecoin 0.6050 0.1118 0.2014 0.3165 0.1344 0.8491 0.6773 0.2453 0.3065 0.7987
cold storage 0.4250 0.7975 0.6901 0.1378 0.6385 0.6781 0.3314 0.0878 0.8518 0.1559
coin 0.0037 0.0118 0.3139 0.5546 0.0024 0.1975 0.0345 0.6244 0.9705 0.9465
hash 0.7259 0.5989 0.0102 0.4963 0.4929 0.9033 0.9252 0.9961 0.8192 0.0555
tether 0.6599 0.8826 0.7482 0.3878 0.7186 0.3158 0.8085 0.0353 0.4464 0.6137
litecoin 0.0072 0.2772 0.4344 0.1784 0.0010 0.5565 0.6718 0.1310 0.0648 0.1283
enjin coin 0.0007 0.0464 0.9766 0.0021 0.0012 0.0000 0.0711 0.1025 0.2130 0.8599
hashing 0.3379 0.3305 0.2290 0.3685 0.4969 0.5957 0.6382 0.0339 0.6142 0.3185
token 0.0498 0.0795 0.5437 0.1770 0.2085 0.6911 0.7638 0.1078 0.0178 0.0712
crypto 0.0000 0.0000 0.8925 0.0000 0.0000 0.0127 0.0013 0.0004 0.0002 0.0004
1CO 0.0145 0.0365 0.9128 0.2933 0.0713 0.0469 0.0234 0.4183 0.2966 0.0582
coin market 0.0026 0.0371 0.1630 0.1688 0.0008 0.2388 0.4455 0.3456 0.2171 0.8817
soft fork 0.3565 0.1827 0.8709 0.0512 0.0582 0.0308 0.4759 0.4489 0.5009 0.9645
block producer 0.8401 0.9728 0.9367 0.5129 0.9480 0.8211 0.5828 0.3741 0.8435 0.4542
distributed ledger 0.6765 0.9060 0.2695 0.9712 0.7463 0.3372 0.1931 0.7627 0.0919 0.3213
digital fiat 0.7310 0.3724 0.0663 0.7566 0.7494 0.2539 0.5716 0.4768 0.9983 0.9122
consensus 0.9003 0.9690 0.9322 0.8829 0.8762 0.9336 0.7570 0.1679 0.8630 0.4639
BTC-USD_vol 0.0017 0.0005 0.2268 0.0012 0.0074 0.5861 0.2199 0.1915 0.0160 0.1666
ETH-USD_vol 0.0003 0.0000 0.1126 0.0071 0.0001 0.1695 0.0098 0.1317 0.0089 0.0692
USDT-USD_vol 0.0001 0.0000 0.0787 0.0051 0.0000 0.3197 0.0376 0.0227 0.0008 0.1977
BNB-USD_vol 0.0000 0.0000 0.0001 0.0000 0.0000 0.0000 0.0053 0.0854 0.0002 0.0000
LTC-USD_vol 0.0002 0.0003 0.1229 0.0037 0.0000 0.5721 0.0861 0.1896 0.0008 0.0123
ENJ-USD_vol 0.2829 0.2564 0.0412 0.0309 0.0304 0.0000 0.6242 0.0387 0.1828 0.4097
ZEN-USD_vol 0.0126 0.0008 0.3450 0.0705 0.0017 0.0130 0.0000 0.0137 0.0682 0.3457
NMC-USD_vol 0.0140 0.0242 0.0000 0.0132 0.0298 0.3640 0.0602 0.0255 0.2465 0.1979
PPC-USD_vol 0.0029 0.0001 0.0124 0.0013 0.0000 0.0176 0.0001 0.1828 0.0000 0.0037
FTC-USD_vol 0.0693 0.3107 0.0925 0.2897 0.0504 0.6788 0.0187 0.2529 0.4108 0.0006
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Table 12: p-values of sample corrected F— statistic of Granger (non-)causality test from Twitter sentiments
to other variables

Geto GClrom binance_twitter bitcoin_twitter enjin_twitter ethereum_twitter feathercoin_twitter horizen_twitter litecoin_twitter namecoin_twitter peercoin_twitter —tether_twitter
BTC-USD 0.6193 0.4217 0.1768 0.7939 0.5917 0.5067 0.9076 0.1186 0.7629
ETH-USD 0.0526 0.6375 0.0155 0.7203 0.7424 0.1068 0.1708 0.3052 0.6660
USDT-USD 0.1183 0.0616 0.5228 0.0302 0.2846 0.4805 0.3773 0.6936 0.0230
BNB-USD 0.1739 0.2443 0.1532 0.7731 0.7727 0.0739 0.0348 0.3130 0.6413
LTC-USD 0.1515 0.5947 0.5626 0.0249 0.5487 0.1943 0.1889 0.6979 0.1782 0.2934
ENJ-USD 0.5534 0.4781 0.3863 0.7358 0.9879 0.3070 0.0189 0.1175 0.3266 0.9704
ZEN-USD 0.7816 0.6695 0.8269 0.0797 0.9265 0.2341 0.4250 0.0847 0.2048 0.6214
NMC-USD 0.2995 0.6881 0.9317 0.4905 0.3274 0.0705 0.1071 0.8214 0.4319 0.7449
PPC-USD 0.6282 0.9610 0.3731 0.0633 0.2392 0.1032 0.8967 0.9697 0.1709 0.6841
FTC-USD 0.2389 0.3845 0.2214 0.0325 0.8066 0.5975 0.3111 0.1334 0.0210 0.6129
binance_twitter NA 0.0193 0.9603 0.0224 0.5917 0.7926 0.6675 0.9330 0.8544 0.2448
bitcoin_twitter 0.6348 NA 0.7212 0.0927 0.4338 0.9155 0.8053 0.4358 0.2363 0.5879
enjin_twitter 0.2779 0.5965 NA 0.9036 0.0439 0.1869 0.8787 0.3202 0.4747 0.1904
ethereum_twitter 0.4339 0.1282 0.0640 NA 0.8284 0.9192 0.2065 0.0317 0.7232 0.1088
feathercoin_twitter 0.1484 0.5466 0.4829 0.9142 NA 0.9193 0.2521 0.0816 0.8440 0.0376
horizen_twitter 0.3591 0.3107 0.0328 0.4325 0.7878 NA 0.6530 0.6684 0.2187 0.3314
litecoin_twitter 0.3215 0.3492 0.6308 0.8966 0.7400 0.8926 NA 0.4861 0.6718 0.3686
namecoin_twitter 0.0851 0.5768 0.8819 0.2969 0.8555 0.2732 0.0134 NA 0.0658 0.0089
peercoin_twitter 0.0561 0.6776 0.7402 0.2010 0.9291 0.4143 0.1932 0.8459 NA 0.8278
tether_twitter 0.0958 0.0698 0.5065 0.2755 0.0764 0.9713 0.1445 0.5973 0.1683 NA
binance_reddit, 0.1073 0.2070 0.1834 0.9775 0.3258 0.9364 0.9399 0.8363 0.1013 0.8588
bitcoin_reddit 0.5128 0.3099 0.6017 0.7855 0.0081 0.7087 0.2620 0.4051 0.4614 0.1572
enjin_reddit 0.1477 0.3237 0.7215 0.3622 0.2115 0.3067 0.8910 0.3101 0.2733 0.9930
ethereum _reddit 0.5897 0.6249 0.1164 0.4412 0.6651 0.8423 0.6207 0.3736 0.3048 0.1188
feathercoin_reddit ~ 0.1224 0.5682 0.4413 0.7241 0.5178 0.3215 0.5211 0.0623 0.5782 0.3215
horizen_reddit 0.3031 0.2193 0.9052 0.4061 0.1514 0.6784 0.2436 0.4387 0.6865 0.7815
litecoin_reddit 0.9259 0.3443 0.0409 0.9613 0.4127 0.9871 0.0394 0.0051 0.5193 0.9694
namecoin_reddit 0.2243 0.4472 0.1992 0.3831 0.9794 0.4073 0.1210 0.9300 0.1832 0.4928
peercoin_reddit, 0.3292 0.3009 0.8619 0.8040 0.6110 0.1571 0.3354 0.3678 0.1571 0.7751
tether_reddit 0.5138 0.2140 0.5892 0.3380 0.5673 0.6192 0.2542 0.5848 0.2780 0.4751
binance coin 0.8862 0.1407 0.5714 0.9191 0.9673 0.8414 0.2558 0.6459 0.3450 0.6336
crypto crash 0.3984 0.0002 0.5467 0.0029 0.8798 0.8268 0.2549 0.7603 0.0052 0.7470
miner 0.0502 0.1712 0.4746 0.5992 0.0925 0.5411 0.9161 0.9501 0.4062 0.1135
USD coin 0.8942 0.0000 0.8090 0.6022 0.6801 0.6448 0.0093 0.6302 0.8233 0.3079
cardano 0.7775 0.0588 0.3634 0.0061 0.6833 0.6337 0.0019 0.2495 0.1241 0.5301
cryptocurrency 0.4750 0.1088 0.2338 0.6727 0.7848 0.9204 0.1712 0.8256 0.0568 0.1901
minted 0.4680 0.0388 0.1532 0.7794 0.3114 0.5892 0.4885 0.2293 0.5396 0.2287
solana 0.2837 0.3680 0.1212 0.1947 0.7989 0.8472 0.5140 0.5022 0.6212 0.4513
feathercoin 0.0506 0.1004 0.4588 0.5823 0.9545 0.0293 0.9281 0.7301 0.7431 0.5985
cryptography 0.9143 0.6395 0.4864 0.6911 0.7596 0.6896 0.0717 0.6523 0.0297 0.1090
dogecoin 0.4168 0.0745 0.8324 0.0033 0.5577 0.7827 0.3509 0.1329 0.5748 0.0572
digital gold 0.1681 0.6520 0.0052 0.6572 0.2344 0.1247 0.3808 0.7552 0.1092 0.0133
Bitcoin 0.8074 0.0000 0.1341 0.0637 0.6245 0.9207 0.0225 0.3835 0.5476 0.1504
NFT 0.8955 0.4895 0.9963 0.3886 0.6583 0.9873 0.3122 0.5264 0.6557 0.7778
ripple 0.8699 0.6457 0.2431 0.6111 0.3368 0.6968 0.6324 0.5787 0.6279 0.4275
private key 0.9722 0.3132 0.2969 0.4290 0.6356 0.5147 0.1474 0.0519 0.6744 0.8022
peercoin 0.1326 0.0460 0.1669 0.1729 0.5522 0.5884 0.5705 0.4234 0.7349 0.7582
namecoin 0.3438 0.6583 0.6245 0.1543 0.9187 0.4374 0.0651 0.4058 0.7169 0.1354
satoshi 0.4650 0.0235 0.5989 0.8808 0.3549 0.2758 0.3560 0.4398 0.5796 0.7183
hot wallet 0.6852 0.7534 0.0276 0.0691 0.8563 0.5838 0.6089 0.8984 0.9160 0.4712
blockchain 0.2278 0.9625 0.6401 0.2790 0.0117 0.6034 0.3028 0.8676 0.1049 0.2246
cthereum 0.6211 0.0292 0.6188 0.0367 0.8557 0.6875 0.0681 0.4486 0.2699 0.0974
zen coin 0.9192 0.8343 0.9160 0.9038 0.7183 0.1420 0.9143 0.7355 0.7321 0.6497
coinbase 0.8630 0.0119 0.5855 0.0071 0.5251 0.9299 0.1896 0.1725 0.1492 0.0325
BTC 0.8833 0.0000 0.4303 0.7704 0.3939 0.8184 0.0366 0.2505 0.2538 0.7446
hard fork 0.1036 0.7880 0.8580 0.0009 0.6449 0.6969 0.7318 0.6394 0.7263 0.1168
stablecoin 0.2091 0.8364 0.4060 0.8699 0.3242 0.4720 0.0347 0.0490 0.4366 0.5818
cold storage 0.9267 0.6904 0.8710 0.6980 0.7578 0.3718 0.9898 0.4618 0.5048 0.4033
coin 0.4056 0.1404 0.6030 0.9604 0.1383 0.3260 0.2258 0.8750 0.2673 0.2704
hash 0.7988 0.0937 0.2399 0.9853 0.6009 0.2439 0.3649 0.8882 0.6758 0.6788
tether 0.9119 0.4673 0.1943 0.5010 0.4542 0.8451 0.3022 0.6103 0.3950 0.1726
litecoin 0.9384 0.0692 0.3162 0.1120 0.4842 0.2935 0.5608 0.9612 0.4839 0.2853
enjin coin 0.8819 0.5395 0.1981 0.7181 0.8608 0.3886 0.0201 0.3699 0.7663 0.4399
hashing 0.7452 0.0403 0.9332 0.5851 0.9850 0.1087 0.4256 0.1738 0.5225 0.3914
token 0.0315 0.1228 0.0745 0.9948 0.1451 0.8357 0.7580 0.4954 0.5339 0.0574
crypto 0.2607 0.0005 0.0239 0.0101 0.5988 0.9822 0.0867 0.4062 0.0304 0.3774
1CO 0.9978 0.7753 0.5554 0.3998 0.1844 0.2904 0.7830 0.8071 0.2732 0.2678
coin market 0.5826 0.0077 0.5031 0.9928 0.8572 0.3036 0.4974 0.8567 0.4990 0.4338
soft fork 0.2140 0.9266 0.6588 0.7629 0.9294 0.1710 0.4798 0.3797 0.2247 0.2018
block producer 0.8742 0.0726 0.5215 0.2799 0.4695 0.1274 0.4518 0.1755 0.5614 0.1294
distributed ledger ~ 0.1064 0.6772 0.4766 0.4593 0.1056 0.2178 0.7169 0.4729 0.8338 0.3056
digital fiat 0.6758 0.4717 0.8820 0.9073 0.8926 0.3863 0.3462 0.3646 0.2683 0.2560
consensus 0.5748 0.8610 0.0248 0.4499 0.1213 0.6976 0.0001 0.1220 0.0772 0.9201
BTC-USD_vol 0.6931 0.1518 0.1349 0.9072 0.7198 0.9983 0.0068 0.9658 0.4401 0.3173
ETH-USD_vol 0.8302 0.0182 0.2177 0.5473 0.5977 0.9582 0.0103 0.7157 0.7731 0.1990
USDT-USD_vol 0.9718 0.2938 0.0612 0.5901 0.3968 0.9538 0.0439 0.8909 0.5632 0.4050
BNB-USD_vol 0.8680 0.1704 0.2059 0.7025 0.4337 0.0041 0.6148 0.7409 0.6974 0.9243
LTC-USD_vol 0.9636 0.1657 0.6467 0.0371 0.2931 0.7253 0.1516 0.5530 0.1434 0.5489
ENJ-USD_vol 0.3668 0.4262 0.5411 0.7350 0.1881 0.6001 0.9762 0.2902 0.3975 0.4950
ZEN-USD_vol 0.9999 0.0847 0.0284 0.1301 0.7877 0.3356 0.5069 0.8507 0.9785 0.9577
NMC-USD_vol 0.7818 0.4246 0.4463 0.8682 0.1124 0.6994 0.6654 0.3983 0.6516
PPC-USD_vol 0.6717 0.0425 0.3916 0.0999 0.7151 0.4440 0.7065 0.2625 0.8024
FTC-USD_vol 0.8425 0.6522 0.1023 0.0854 0.6400 0.4782 0.1272 0.7489 0.6695
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Table 13: p-values of Post-double-selection Granger causality LM test from Reddit sentiment
to other variables

Geto GCfrom binance_reddit bitcoin reddit enjin_reddit ethereum reddit feathercoin_reddit horizen reddit litecoin reddit namecoin reddit peercoin_reddit tether_reddit
BTC-USD 0.6490 0.5749 0.7952 0.7392 0.0162 0.9303 0.9640 0.3521 0.4535 0.6762
ETH-USD 0.6510 0.4152 0.2781 0.2011 0.0758 0.9016 0.4627 0.5559 0.8040 0.5978
USDT-USD 0.0434 0.4024 0.5510 0.2960 0.9342 0.7445 0.9259 0.4391 0.7519 0.8106
BNB-USD 0.5846 0.1236 0.8067 0.5063 0.0003 0.3475 0.9164 0.7684 0.0287 0.4639
LTC-USD 0.5551 0.8095 0.5847 0.6245 0.0009 0.5876 0.6108 0.7981 0.2549 0.8514
ENJ-USD 0.1720 0.5678 0.5899 0.3021 0.0248 0.8287 0.8361 0.2641 0.3282 0.0459
ZEN-USD 0.7415 0.0485 0.3935 0.4864 0.0475 0.1194 0.2606 0.2864 0.5880 0.1124
NMC-USD 0.7376 0.2239 0.0255 0.7927 0.6858 0.2549 0.0966 0.2419 0.3208 0.1889
PPC-USD 0.9175 0.8382 0.0492 0.3691 0.0011 0.7565 0.9215 0.5669 0.1147 0.6673
FTC-USD 0.4611 0.0510 0.2478 0.5661 0.0722 0.8019 0.5361 0.4193 0.7658 0.1904
binance_twitter 0.3016 0.5025 0.0191 0.1006 0.6707 0.2966 0.6769 0.6569 0.0541 0.3627
bitcoin_twitter 0.6883 0.2564 0.2780 0.3883 0.2888 0.8810 0.6937 0.3852 0.4587 0.0527
enjin_twitter 0.0217 0.3034 0.2111 0.5200 0.9675 0.5887 0.4704 0.0240 0.0668 0.9908
ethereum_twitter 0.5575 0.4115 0.8155 0.5059 0.5993 0.3075 0.6996 0.8148 0.5905 0.4012
feathercoin_twitter 0.5076 0. 0.9325 0.1416 0.3479 0.2080 0.0071 0.4969 0.1132 0.4819
horizen_twitter 0.7657 0.9124 0.2826 0.7095 0.0872 0.8510 0.9174 0.6230 0.5977 0.9491
litecoin_twitter 0.0804 0.3251 0.7399 0.9148 0.1134 0.8502 0.1364 0.1193 0.7239 0.5644
namecoin_twitter 0.0762 0.2868 0.5301 0.8203 0.8946 0.4796 0.1818 0.7366 0.0278 0.4874
peercoin_twitter 0.9871 0.3294 0.3634 0.9812 0.8985 0.2443 0.4211 0.8195 0.7866 0.5209
tether_twitter 0.3473 0.5107 0.3276 0.5045 0.4230 0.6701 0.3549 0.5638 0.7395 0.4016
binance_reddit NA 0.0074 0.5982 0.0940 0.4055 0.1659 0.0168 0.9259 0.2877 0.9722
bitcoin_reddit 0.8617 NA 0.0396 0.0035 0.0170 0.2755 0.0915 0.3345 0.7027 0.8080
enjin_reddit 0.6899 0.0124 NA 0.8998 0.1595 0.4637 0.5484 0.0188 0.1576 0.9336
ethereum_reddit 0.0034 0.0001 0.1593 NA 0.9247 0.1884 0.0469 0.0136 0.5647 0.5692
feathercoin_reddit ~ 0.6173 0.9384 0.0695 0.0457 NA 0.2614 0.4184 0.3888 0.7616 0.2512
horizen_reddit 0.8246 0.1495 0.9839 0.0070 0.9802 NA 0.6683 0.4089 0.4249 0.4498
litecoin_reddit 0.0658 0.0002 0.5461 0.4101 0.9522 0.2247 NA 0.6164 0.1079 0.0194
namecoin_reddit 0.0102 0.6317 0.1763 0.3161 0.6554 0.1168 0.9148 NA 0.0164 0.1238
peercoin_reddit 0.6017 0.8561 0.5785 0.4710 0.3278 0.9843 0.6041 0.1234 NA 0.1801
tether_reddit, 0.6047 0.9786 0.5541 0.7625 0.3930 0.7942 0.3073 0.0042 0.3508 NA
binance coin 0.2994 0.3339 0.6540 0.2915 0.2537 0.4130 0.0024 0.5475 0.0346 0.6398
crypto crash 0.9829 0.7047 0.7110 0.8784 0.0001 0.2687 0.9814 0.8713 0.4930 0.2463
miner 0.2503 0.8835 0.8058 0.8159 0.4789 0.3474 0.4953 0.1988 0.4143 0.0389
USD coin 0.7764 0.0889 0.0187 0.1321 0.8106 0.4035 0.8317 0.2448 0.0216 0.5041
cardano 0.7831 0.9302 0.3779 0.3630 0.0034 0.2814 0.9166 0.1577 0.8480 0.6328
cryptocurrency 0.9764 0.1748 0.2151 0.0113 0.0215 0.4712 0.4463 0.4955 0.9182 0.7650
minted 0.9614 0.0781 0.4962 0.2967 0.3863 0.1412 0.6220 0.5780 0.6831 0.6189
solana 0.6419 0.6476 0.5900 0.6248 0.8410 0.4601 0.6212 0.7741 0.2162 0.6842
feathercoin 0.7856 0.0080 0.7514 0.9825 0.9420 0.9964 0.7204 0.1433 0.3573 0.0417
cryptography 0.2454 0.9760 0.5892 0.5569 0.4638 0.8787 0.1167 0.3347 0.9007 0.4522
dogecoin 0.2900 0.0004 0.2622 0.0064 0.0280 0.8273 0.0441 0.9780 0.7086 0.9650
digital gold 0.7365 0.1447 0.8024 0.8288 0.7157 0.7786 0.8151 0.9571 0.7435 0.1264
Bitcoin 0.5919 0.5289 0.0401 0.0181 0.2721 0.0699 0.7863 0.7879 0.7983 0.8720
NFT 0.9891 0.0447 0.9048 0.9869 0.0040 0.2173 0.9988 0.7431 0.5836 0.3398
ripple 0.6763 0.7278 0.5541 0.8294 0.5933 0.2928 0.6975 0.7715 0.2012 0.5337
private key 0.4332 0.9124 0.4249 0.6011 0.5305 0.3144 0.6888 0.0000 0.8677 0.2813
peercoin 0.5794 0.7239 0.1405 0.7151 0.4742 0.2392 0.9847 0.8850 0.0499 0.4968
namecoin 0.1184 0.0184 0.6779 0.0982 0.1126 0.1430 0.9001 0.4028 0.1248 0.2541
satoshi 0.7215 0.3168 0.3788 0.7878 0.1415 0.6646 0.7774 0.0922 0.0053 0.0580
hot wallet 0.0707 0.7975 0.3375 0.7932 0.9116 0.3362 0.8039 0.2399 0.7290 0.7211
blockchain 0.3047 0.0112 0.3233 0.1376 0.0666 0.5441 0.3690 0.7781 0.2715 0.8976
ethereum 0.8876 0.1368 0.0966 0.3215 0.0000 0.0833 0.6417 0.9604 0.4382 0.9158
zen coin 0.5206 0.0881 0.1203 0.0757 0.9548 0.8401 0.0672 0.8691 0.9197 0.0894
coinbase 0.4432 0.0207 0.0861 0.0038 0.1051 0.4156 0.3609 0.4592 0.8001 0.1457
BTC 0.8161 0.9790 0.4817 0.8776 0.5372 0.0069 0.6368 0.7545 0.7117 0.8104
hard fork 0.4211 0.9022 0.4761 0.2127 0.8809 0.9924 0.7434 0.8987 0.7459 0.5645
stablecoin 0.8152 0.0392 0.0988 0.6329 0.6643 0.1781 0.4136 0.8372 0.6247 0.5707
cold storage 0.4598 0.7226 0.3689 0.5670 0.4642 0.2388 0.2349 0.5179 0.9288 0.8961
coin 0.5338 0.4550 0.7080 0.2174 0.2796 0.4005 0.5509 0.2503 0.6287 0.3292
hash 0.4706 0.1316 0.9177 0.2431 0.8156 0.8129 0.4942 0.4698 0.9315 0.1682
tether 0.7797 0.9060 0.2313 0.3477 0.1724 0.4384 0.6333 0.3970 0.5414 0.6777
litecoin 0.2674 0.6376 0.7509 0.8048 0.1171 0.7526 0.2450 0.3120 0.9666 0.6412
enjin coin 0.8524 0.2545 0.8180 0.0535 0.0946 0.8839 0.1952 0.1628 0.9111 0.2115
hashing 0.9460 0.2187 0.0746 0.8880 0.3560 0.6763 0.7199 0.3911 0.8885 0.6406
token 0.5129 0.9908 0.8293 0.6380 0.4843 0.3687 0.2607 0.3970 0.7820 0.5039
crypto 0.6042 0.0972 0.1664 0.0671 0.0373 0.5587 0.3189 0.5801 0.5257 0.9642
1COo 0.1847 0.8678 0.1832 0.3347 0.5071 0.6415 0.8833 0.0879 0.8129 0.8119
coin market 0.5790 0.8545 0.3920 0.8424 0.5729 0.6280 0.6597 0.1108 0.9075 0.6824
soft fork 0.4795 0.5505 0.5478 0.6459 0.0677 0.1177 0.4669 0.6815 0.7157 0.0018
block producer 0.3202 0.3623 0.7920 0.0372 0.6525 0.7791 0.9513 0.3789 0.0863 0.4046
distributed ledger — 0.2198 0.1659 0.9087 0.3150 0.5804 0.9496 0.5736 0.1056 0.1256 0.1218
digital fiat 0.3504 0.8585 0.1294 0.4523 0.7172 0.8056 0.1239 0.6280 0.3468 0.1420
consensus 0.9329 0.5980 0.3054 0.6781 0.4437 0.3079 0.6963 0.2267 0.0539 0.0531
BTC-USD_vol 0.9794 0.1726 0.0586 0.0796 0.3739 0.2771 0.7123 0.7395 0.8830 0.0815
ETH-USD_vol 0.8812 0.4840 0.0841 0.0494 0.3595 0.1572 0.9486 0.9443 0.5026 0.1569
USDT-USD_vol 0.8782 0.0256 0.0296 0.0637 0.2016 0.5154 0.9347 0.5083 0.8106 0.0415
BNB-USD_vol 0.1647 0.3737 0.1669 0.4455 0.9611 0.9427 0.7012 0.9340 0.8812 0.9726
LTC-USD_vol 0.6387 0.0244 0.6301 0.1707 0.0822 0.4796 0.5236 0.8860 0.4430 0.2986
ENJ-USD_vol 0.6992 0.6197 0.6292 0.5137 0.8576 0.7347 0.9672 0.0995 0.1144 0.2575
ZEN-USD_vol 0.4637 0.0505 0.3007 0.3367 0.6024 0.2327 0.1100 0.3214 0.3580 0.9632
NMC-USD_vol 0.0035 0.0837 0.4043 0.0807 0.7069 0.2048 0.4870 0.5559 0.9977 0.2749
PPC-USD_vol 0.9681 0.2028 0.7239 0.5624 0.0594 0.7154 0.9853 0.0296 0.9202 0.4822
FTC-USD_vol 0.9126 0.7379 0.8872 0.9207 0.9066 0.5657 0.8162 0.8388 0.6192 0.7975
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Table 14: p-values of Post-double-selection Granger causality LM test from Volume to other variables

Geto GCfrom BTC-USD_vol ETH-USD_vol USDT-USD_vol BNB-USD_vol LTC-USD_vol ENJ-USD_vol ZEN-USD_vol NMC-USD_vol PPC-USD_vol FTC-USD_vol
BTC-USD 0.4285 0.2040 0.1035 0.0076 0.1270 0.9440 0.9111 0.5741 0.3852 0.7540
ETH-USD 0.3751 0.3762 0.1812 0.6225 0.4007 0.8975 0.6259 0.7745 0.2047 0.9593
USDT-USD 0.0394 0.3672 0.0245 0.4170 0.1595 0.5817 0.7504 0.0224 0.4298 0.4827
BNB-USD 0.1276 0.0598 0.0361 0.3857 0.0943 0.4642 0.9655 0.0021 0.1347 0.8454
LTC-USD 0.0460 0.3050 0.0355 0.0965 0.1551 0.9016 0.6767 0.1582 0.1387 0.6775
ENJ-USD 0.0879 0.0469 0.0070 0.0177 0.0309 0.6038 0.4753 0.7882 0.0925 0.5563
ZEN-USD 0.0526 0.0218 0.0214 0.2155 0.0925 0.6199 0.0741 0.3548 0.4560 0.2485
NMC-USD 0.3271 0.5458 0.5675 0.1612 0.6613 0.3852 0.9786 0.0133 0.8069 0.4959
PPC-USD 0.4082 0.1950 0.4555 0.2910 0.7178 0.6623 0.2226 0.6966 0.1463 0.7791
FTC-USD 0.0188 0.0012 0.0126 0.0823 0.0826 0.7961 0.1825 0.8718 0.8897 0.4579
binance_twitter 0.6496 0.6694 0.5650 0.8522 0.7673 0.9552 0.7964 0.5226 0.3761 0.1815
bitcoin_twitter 0.5083 0.8032 0.2585 0.7420 0.3441 0.1034 0.4094 0.3326 0.0885 0.6875
enjin_twitter 0.8471 0.6550 0.6885 0.8965 0.7260 0.1598 0.2833 0.8763 0.8123 0.3686
ethereum_twitter 0.9305 0.2036 0.9729 0.6032 0.6708 0.2566 0.8449 0.1768 0.0139 0.7689
feathercoin_twitter 0.2271 0.3822 0.2634 0.4842 0.8401 0.7611 0.0718 0.3284 0.9371 0.1901
horizen_twitter 0.0342 0.0624 0.0049 0.0011 0.0943 0.2569 0.0022 0.3027 0.7935 0.7720
litecoin_twitter 0.0732 0.4514 0.5763 0.7475 0.8273 0.4747 0.9866 0.6513 0.4298 0.9762
namecoin_twitter  0.5226 0.6241 0.7155 0.8615 0.8546 0.1329 0.8688 0.5213 0.6945 0.7958
peercoin_twitter 0.1182 0.1154 0.2793 0.2588 0.2345 0.2260 0.9807 0.2259 0.3138 0.7869
tether_twitter 0.5719 0.7046 0.8761 0.5646 0.9422 0.4827 0.8046 0.2573 0.2637 0.9184
binance_reddit 0.8505 0.6867 0.6462 0.6421 0.9327 0.3752 0.8229 0.5030 0.8442 0.0008
bitcoin_reddit 0.0523 0.7124 0.7319 0.8014 0.6673 0.0788 0.9135 0.7375 0.0729 0.4891
enjin_reddit 0.2345 0.7225 0.3328 0.6972 0.7382 0.9602 0.2970 0.1516 0.6985 0.9444
ethereum_reddit 0.0142 0.4270 0.5509 0.9805 0.4062 0.6279 0.6412 0.1812 0.6234 0.3045
feathercoin reddit  0.0478 0.0696 0.2066 0.9613 0.4141 0.9436 0.0151 0.8839 0.3658 0.1721
horizen_reddit 0.1343 0.2394 0.2839 0.9423 0.0954 0.3787 0.2212 0.6524 0.7528 0.7723
litecoin_reddit 0.5617 0.7762 0.8381 0.9978 0.8776 0.0338 0.6787 0.1220 0.7442 0.3543
namecoin_reddit 0.3859 0.6345 0.1390 0.6970 0.3665 0.3975 0.4890 0.2765 0.7093 0.8338
peercoin_reddit 0.3535 0.2973 0.1909 0.9201 0.7866 0.0812 0.1712 0.0791 0.1725 0.2772
tether_reddit 0.7572 0.4570 0.8763 0.9524 0.5835 0.2375 0.6782 0.5091 0.1027 0.8731
binance coin 0.4657 0.3887 0.2116 0.5002 0.0242 0.9713 0.7909 0.0872 0.5812 0.8036
crypto crash 0.3252 0.0075 0.1114 0.7650 0.0127 0.5786 0.6972 0.4862 0.0002 0.7896
miner 0.3695 0.0756 0.6606 0.9977 0.2836 0.9908 0.0749 0.9332 0.5673 0.2072
USD coin 0.0040 0.0261 0.0020 0.2067 0.0039 0.1276 0.8474 0.1049 0.3549 0.0304
cardano 0.0612 0.1818 0.0433 0.7445 0.0654 0.6280 0.0623 0.8432 0.7648 0.6225
cryptocurrency 0.0443 0.0006 0.0023 0.4431 0.0310 0.7356 0.3900 0.4141 0.4391 0.8441
minted 0.1533 0.1233 0.1424 0.1922 0.4464 0.4659 0.1948 0.3541 0.9067 0.8170
solana 0.4350 0.3274 0.6674 0.6826 0.6486 0.4298 0.9597 0.8354 0.8515 0.1101
feathercoin 0.9341 0.7550 0.8798 0.0061 0.3923 0.8571 0.3049 0.1966 0.3088 0.6064
cryptography 0.0001 0.0049 0.0000 0.3210 0.0774 0.8986 0.0526 0.7511 0.3581 0.2711
dogecoin 0.0152 0.0048 0.0183 0.4301 0.0181 0.3140 0.2675 0.4381 0.4478 0.8318
digital gold 0.0106 0.0612 0.0130 0.0520 0.0028 0.8655 0.8759 0.6721 0.3912 0.3434
Bitcoin 0.0008 0.0002 0.0003 0.9775 0.0874 0.5390 0.6651 0.9751 0.6542 0.7775
NFT 0.0168 0.0242 0.0154 0.7478 0.0179 0.7931 0.5051 0.9631 0.1214 0.2062
ripple 0.1916 0.2840 0.4704 0.1208 0.4165 0.6319 0.1985 0.5323 0.1049 0.4354
private key 0.0172 0.0119 0.0029 0.3754 0.1041 0.1045 0.6450 0.8844 0.1006 0.0710
peercoin 0.6156 0.4333 0.6224 0.7550 0.0404 0.0951 0.6624 0.8133 0.0000 0.8569
namecoin 0.2319 0.0130 0.3100 0.6094 0.2251 0.0816 0.1816 0.6161 0.6859 0.4534
satoshi 0.0145 0.0904 0.0040 0.1417 0.0019 0.5589 0.1936 0.2889 0.4196 0.0616
hot wallet 0.6243 0.3386 0.6166 0.0184 0.5466 0.9157 0.4923 0.9377 0.1872 0.5798
blockchain 0.3693 0.3014 0.2509 0.8575 0.2406 0.5028 0.0812 0.6919 0.2843 0.7424
cthereum 0.0023 0.0001 0.0000 0.8153 0.0028 0.7266 0.0098 0.3730 0.5688 0.5747
zen coin 0.0860 0.4967 0.1826 0.9928 0.1747 0.5511 0.7401 0.8868 0.9089 0.5085
coinbase 0.0002 0.0000 0.0001 0.7880 0.1245 0.4326 0.0052 0.5600 0.1244 0.3437
BTC 0.0000 0.0000 0.0000 0.7923 0.0000 0.5018 0.1289 0.5378 0.5574 0.8746
hard fork 0.7006 0.1778 0.3790 0.4508 0.1438 0.3219 0.4376 0.5364 0.1437 0.8365
stablecoin 0.0649 0.1285 0.0331 0.1504 0.1008 0.6498 0.1073 0.1693 0.4644 0.5789
cold storage 0.0000 0.0000 0.0000 0.5024 0.0013 0.5624 0.0174 0.6038 0.6207 0.8655
coin 0.0000 0.0000 0.0000 0.0474 0.0011 0.0240 0.0082 0.3114 0.7081 0.3721
hash 0.0007 0.0157 0.0210 0.4702 0.2266 0.5799 0.9762 0.0574 0.2057 0.7810
tether 0.1546 0.0189 0.0421 0.9706 0.0746 0.3558 0.5623 0.9917 0.3505 0.5671
litecoin 0.0626 0.0011 0.0006 0.0000 0.0055 0.0207 0.1481 0.4020 0.9960 0.9071
enjin coin 0.0596 0.3111 0.3243 0.1006 0.1710 0.0000 0.6518 0.0559 0.9434 0.2782
hashing 0.0000 0.0000 0.0000 0.4573 0.0046 0.3344 0.4514 0.1547 0 0 0.5922
token 0.0002 0.0058 0.0010 0.8487 0.1697 0.0991 0.2591 0.3528 0.8180 0.1829
crypto 0.0001 0.0000 0.0000 0.9201 0.0030 0.3723 0.1607 0.2976 0.1012 0.3163
ICO 0.0800 0.0083 0.0156 0.1037 0.0814 0.0926 0.7811 0.7994 0.6019 0.4251
coin market 0.0013 0.0023 0.0002 0.4380 0.0001 0.7448 0.5298 0.4680 0.3202 0.5332
soft fork 0.0705 0.0147 0.0146 0.0546 0.3695 0.5942 0.6413 0.5173 0.1524 0.0963
block producer 0.0186 0.0692 0.0966 0.4160 0.7026 0.4084 0.0012 0.2283 0.2444 0.5688
distributed ledger ~ 0.0000 0.0003 0.0006 0.1367 0.5447 0.0096 0.0598 0.0207 0.6033 0.1582
digital fiat 0.3668 0.1305 0.2920 0.7814 0.1757 0.0035 0.1034 0.1989 0.3505 0.9097
consensus 0.1484 0.0414 0.1733 0.8250 0.2027 0.2676 0.3028 0.9427 0.0039 0.7434
BTC-USD_vol NA 0.0016 0.0169 0.4498 0.0976 0.5810 0.4332 0.3715 0.1185 0.3966
ETH-USD_vol 0.0211 NA 0.6881 0.9887 0.7813 0.2604 0.3309 0.1331 0.2320 0.8606
USDT-USD_vol 0.0236 0.2817 NA 0.9615 0.7748 0.4356 0.4442 0.1210 0.6740 0.9159
BNB-USD_vol 0.0407 0.0067 0.0001 NA 0.0133 0.7227 0.0064 0.6081 0.3888 0.8414
LTC-USD_vol 0.0142 0.0008 0.0585 0.0011 NA 0.8935 0.0882 0.5584 0.6791 0.8767
ENJ-USD_vol 0.0494 0.0905 0.0179 0.1367 0.6793 NA 0.4163 0.5028 0.7517 0.6452
ZEN-USD_vol 0.2776 0.1236 0.0562 0.4521 0.1355 0.3684 NA 0.2235 0.2593 0.0891
NMC-USD_vol 0.1121 0.0383 0.4738 0.8830 0.0831 0.2012 0.1662 NA 0.6787 0.5602
PPC-USD_vol 0.9280 0.4225 0.3448 0.0272 0.3291 0.7256 0.6997 0.4033 NA 0.9909
FTC-USD_vol 0.0690 0.1190 0.1657 0.5200 0.0164 0.5960 0.4863 0.0535 0.1750 NA
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