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Abstract

This paper investigas the role of th&requency of price overreactionsthe cryptaurrency market

in the case of BitCoimver the period 2013018. Specifically,tiuses astatic approach to detect
overreactios and then carrseout hypothesis testing by meansao¥ariety of statistical methed
(both parametric and ngwarametric)including ADF tests, Granger causality tests, correlation
analysis,regression analysis with dummy variahlédsRIMA and ARMAX models, neural net
modek, and VAR modek. Specifically, the hypotheses tested are whether or not the frequency of
overreactiongi) is informative about Bit@in price movements (H1) and (ii) exhibits seasonality
(H2). On the whole, he results suggestthat it can provide useful information to pretiprice
dynamics in the cryptmurrency market and for designing trading strate@itdscannot be rejected),
whilst there is no evidence of seasonality (H2 is rejected).
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1. Introduction

Cryptocurrencies have attracted considerable attention since their recent creation ar
experienced huge swings. For instance, ih72Bitcoin prices rose by more than 20
times, but in early 2018 fell by 70%; similar sharp drops had in fact already occurred
5 timesbefore (June 2011, January 2012, April 2013, November 2013, December
2017). Suchsignificant deviations of asset prices from their average valugag
certain periods of timare known as overreactions and have been widely analysed in
the literature since the seminal papebDefBondt and Thaler (1985yarious studies
being carried out fodifferent markets (stock$OREX, commodities ef; countries
(developed and emerging), assets (stock prices/indices, currency pairs, oil, gold etc.
and time intervals (daily, weekly, monthly efcHowever, hardly any evidence is
available to date on theryptocurency market, whichs particularly interesting
because of its very extremely high volatiidgmpared to the FOREX or stock market

(



et al.,, 2015 and Dwyer, 201%Also0, its averagedaily price amptude is up to 10
times higher than in theEOREX or sbck markefsee Table )1

Table 1: Comparative analysis of the average daily price amplitude in different
financial markets*

Instrument Market 2014 | 2015 | 2016 | 2017 | Average
EURUSD FOREX 06% | 1.1% | 0.8% | 0.6% 0.8%
Dow-Jones Industrial Stock Market 0.8% 1.2% 1.0% | 0.5% 0.9%
CSI300 15% 3.0% 15% 0.



The static approach was introduced by Sandoval and Franca (26d2)
developed by Caporale and Plastun (2f)1Returns are defined as:

%=1In(2) FIn( 2,5 (1)

where & stands for returns, ang.and 2,5 are theclose prices of the current
and previous dayThe next step is analysing the frequency distribution by creating
histograms. We plot values 10% above or below those of the population. Threshold
are then obtained for both positive and negative overreactoas periods can be
identified when returns were above or equal to the threshold.

Such a procedure generates a data sdah#&frequency of overreactions (at a
monthly frequency), which is then divided into 3 subsets including respectively the
frequencyof negative and positive overreactions, and of them all. In this study we
also use an additional measure (named the “Overreactions multiplier”), namely the
negative/positive overreactions ratio:
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Then the following hypotheses are tested:

Hypothesisl (H1): The frequency of overreactions is informative
abou pricemovements in the crypiorrency market.

There is a hody of evidence suggesting that typical price patterns appear ir
financial markets after abnormal price changes. The relationship between the
frequency of ovgrreactions and BitCoin prices is investights@ byrunning the
following regressiongsee equations @d4):

Y= as+ asDg+ aDy + B 3
where ;.— BitCoin log differences on day t;

a,— BitCoin mean log differences;






Information criteria, specifically AIC (Akaike, 1974) and BIC (Schwarz,
1978) are used to select the best ARMAX specificationrBd€oin log returns.

As a robustness check, VAR models are also estimated:
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Table 2: Results of ANOVA and non-parametric Kruskal-Wallis tests for
statistical differences in the frequency of overreactions between different years

ANOVA test
F p-value F critical Null hypothesis
7.24 0.000 2.81 Rejected
Kruskal-Wallis test
Adjusted H p-value | Critical value Null hypothesis
14.98 0.0 9.49 Rejected

Next we carry outorrelation analysis. Table 3 reports tlesuits for different
parameters (number of negative overreactions, number of positive overreactions
overall number of overreactions and overreactions multiplier) and indicators (BitCoin

close prices, BitCoin returns, BitCdimgreturns)

Table 3: Correlation analysis between the frequency of overreactions and
different BitCoin series

BitCoin dose | BitCoin BitCoin
Parameter prices returrs logreturrs
Over_negative 0.50 -0.21 -0.34
Over_positive 0.41 0.62 0.53
All _over 0.53 0.25 0.13
Over mult 0.15 -0.40 -0.60

There appears to be a positive (rather than negative, as one would expect
correlation betweeBitCoin pricesandnegative overreactionBy contrast, there is a
negativecorrelation in the case of returns and teurns. The werreaction multiplier
exhibits a rather strong negative correlation with BitCloig returns. Finally, the
overall number of overreactions hasather weak correlation with prices.

To make sure thahere is no need to shift the data in any direction we carry
out a crosscorrelation analysis of these indicators at tinge intervalst



Figure 1: Cross-correlation between Bitcoin log returns and frequency of
overreactions over the whole sample period for different leads and lags

To analyse further the relationship between BitCmg returns and the
frequency of overreactions we carry out ADF tests on the series of interest (see Tabl

4).

Table 4. Augmented Dickey-Fuller test: BitCoin log returns and overreactions

frequency data*

Parameter | logreturns| Over_all |Over negativ§ Over positivel

Augmented Dickey

y-Fuller test (Intercept)

Augmented DickeyFuller test statistic| -7.55 -2.87 -548 -3.39
Probability 0.0000 0.0549 0.0000 0.0152
Testcritical values(5% leve): -2.89 -2.89 -2.89 -2.89




(see ®ction 3 for details) The results for BitCoin closes, returns and log returns
regressed against all overreactions, negative and positive overreacégnesented

in Table5, 6, and 7 respeagtly.

Table 5: Regression analysis results: BitCoin closes

Parameter

all
overreactions

negative and
positive

overreactions

as separate
variables

regression with
dummy variables

=4

-100.64 (0.85)

-158.22 (0.77)

368.88 (0.32)

Slope for the overreactions
(?=0kKABEHHR ANNA?PEK

350.77 (0.00)

Slope for the overreactions
(?7=CKBBIAC=PERRANNAS9?

475.44 (0.00)

551.28 (0.00)

Slope for the overreactions
(?7=CKAELKO E KERAAIN A9?H

237.43 (0.10)

514.33 (0.00)

F-test

22.55 (0.00)

11.69 (0.00)

16.32 (0.00)

Multiple R

0.53

0.54

0.46

* P-values are iparentheses

Table 6: Regression analysis results: BitCoin returns

Parameter

al
overreactions

negative and
positive

overreactions

as separate
variables

regression with
dummy variables

=4

-0.0442(0.72)

0.0895(0.55)

0.0119(0.88)

Slope for the overreactions
(?7=CKABEHHRANNASD?PEK

0.0328(0.00)

Slope for the overreactions
(?=0KBIA=PERRANNAS?

-0.1597(0.00)

0.0023(0.00)

Slope for the overreactions
(?=0kAB. KO E KIRRAAI N A?H

0.2076(0.00)

0.0922(0.00)

F-test

3.93&0.05)

77.64 (0.00)

8.71(0.00)

Multiple R

0.25

0.86

0.36

* P-values are iparentheses

Table 7: Regression analysis results: BitCoin log returns

negative and
positive

al : regression with
Parameter , overreactions :
overreactions dummy variables
as separate
variables
= -0.0200(0.72) | 0.0645(0.04) 0.0368(0.35)

Slope for the overreactions
(?=0KABEHHR ANNA?PEK

0.0084 (0.33)

Slope for the overreactions
(?7=CKBBIAC=PERRANNA9?

-0.0939(0.00)

-0.0122(0.32)




Slope for the overreactions
(?7=CKABLKOEKRRANAS?F

0.1013(0.00)

10



Table 8: Comparative characteristics of neural networks

Architecture _ Performance _ Errors
Learning Control Test Learning Control Test
MLP 2-2-3-1:1 | 0.4484 0.4547 0.5657 0.0811 0.0392 0.0630
L2-2-1:1 0.3809 0.6265 0.8314 0.0664 0.0801 0.0836

Table 9: Quality comparison of neural networks

Parameters

Type of neural net
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suggests that thegression model (eq) 8aptures very wethe behaviouof BitCoin
prices.

We also estimate ARIMA(p,d,q) models with d3;q d3;d 0 choosing the
best specification on the basis of the AIC and BIC information criteria. Specifically,
we selecthe following models: ARIMA(Z),2) ©n the basis of th&lC criterion);
ARIMA (1,0,0) and ARIMA(0,0,1) (on the basis of tB&C criterion).The p

12



& 3

13



As can be seeithe nullhypothesisof no causality is rejected for negative (OF
) andpositive overreactions (OF+), but not for BitCoin log returns @d therefore
there is evidence that

14



This model appears to be data congruent: it is stable (no root lies outside the
unit circle, and there is no evidence of autocorrelation in the residliaés.IRF
analysis(see Appendix C, Figures C.133Jor details)shows that, in response to a-1
standard deviationshock to log returns, both negativdOF) and positive
overreactions (OF revert to their equilibrium value within six pergdvhereas it
takes log returns only one peridd revert to equibrium. There is hardly any
response of log returns to shocks to either positive or negative overreactions, whils
both the latter variables tend to settle down after about six periods.

The \ariance decomposition (VD) analysis (s@&able 15) suggests the
following:

Table 15: Variance Decomposition

Variable | Lag Percentagef the variance accounted for by a variable
Y OF OF

Y 1 100.00 0.00 0.00
2 97.42 0.19 2.39
3> 97.42 0.19 2.39

OF 1 17.04 82.96 0.00
2 22.02 77.98 0.00
3> 22.65 76.74 0.61

OF 1 36.13 38.65 25.22
2 37.58 41.79 20.63
3> 36.86 43.04 20.10

The kehaviaur of Y is mostly explained by its pveous dynamics
(97.4%); OF accounts for only 0.2 % of its varianegd OF only 2.4%;

The behaviour ofOF s also mainly determinedy its previous
dynamics(76.7%) with Y explainingonly 22.7 % of its variance and®F only
0.6%

The kehaviair of OF is mostly accounted for bthe OF dynamics
(43%), with Y explaining36.9%o0f its variance anF 20.1%.

Finally, we address the issue of seasonality)(HRgure 5suggests that the
overreactions frequency tents be higher at the end arlde start of the year and
lower at other times. Alsdhereappears to be mid-year cyclethe frequency starts
to increase in April, peaks JuneJuly and then fallgill Septemberwith a “W”
seasonality pattern.

15



Figure 5: Monthly seasonality in the overreaction frequency

Formal parametric (ANOVA) and noparametric (KruskaWallis) tests are
performed; the results are presented in Talbemnd17.

Table 16: Parametric ANOVA of monthly seasonality in the
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As can be seen, there are no statistically significant differences between the
frequency of overreactions in different months of the year (i.e. no evidence of
seasonality),therefore 2 can be rejectedwhich is consistent with the visual
evidence based on Figure 3

5. Conclusions

This paper investigasethe role of thefrequency of price overreactions in the
cryptocurrency market in the case of BitCoin over the period 2018
Specifically, it uses a static approach to detect overreactions and then carries ol
hypothesis testing by mean$ a variety of statistical methods (both parametric and
nonparametric) including ADF tests, Granger causality tests, correlation analysis,
regression analysis with dummy variables, ARIMA and ARMAX models, neural net
models, and VAR model§pecifically,the hypotheses tested are whether or not the
frequency of overreactions (i) is informative about Bitcoin price movements (H1) and
(i1) exhibits seasonality (H2).

On the whole,he results suggest that the frequency of price overreactions can

provide useflinformation to predict price dynamics in theygtocurrency market

and for designing trading strategies (H1 cannot be rejestette specific case of
BitCoin. However, these findings are somewhat mixsttonger evidence of a
predictive role for the frequency of price oveg@ans is found when estimating
neural net andARMAX models as opposed to VAR models. As for the possible
presence of seasonalitye evidence is very cleanp seasonal patterns are detected
for the frequency of price overreamtis(H2 is rejected).
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Appendix A
Frequency distribution of BitCoin

TableA.1: Frequency distribution of BitCoin, 2013-2018*

Plot | Frequency
<-0.04 181
-0.03 75
-0.02 96
-0.01 164

0 331



Appendix B
Frequency of overreactions

Table B.1: Frequency of overreaction over the period 2013-2018, annual*

Year Negativeover | Positiveover | All over | Mult
2013 29 41 70 0.7
2014 35 22 57 1.6
2015 25 21 46 1.2
2016 11 11 22 1.0
2017 50 53 103 0.9
2018 30 19 49 1.6
Mean 30 30 60 1.1
Std. Dev. 12.7 15.2 26.8 | 0.32

Figure B.1: Frequency of overreactions: dynamic analysis over the period
2013-2018, annual data*
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Figure B.2: Frequency of overreactions: dynamic analysis over the period 2013-

2018, monthly data*
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* 2013 data start on 01.05.2013; 2018 data end on 31.05.2018
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Appendix C

Impulse response function (IRF) analysis: log returns (Y)-D; negative

overreactions (OF-)- E; positive overreactions (OF+)-F

Figure C.1: Re
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