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Motivation 1-1

High Frequency (HF) Cryptocurrency
Trading

Source:HF CC

https://www.kraken.com/charts


Motivation 1-2

HF Cryptocurrency Trading

Source:
HF CC
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Motivation 1-3

Event = surprise element?
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Motivation 1-4

Jump Detection

� In the case where a large jump occurs, a simple glance at the
dataset might be sufficient to decide this issue.

� Such large jumps are usually infrequent, small frequent jumps
should also be considered.

� Characterize jumps both theoretically and empirically.
� Need efficient tests available for jumps that are sufficiently

robust to withstand misspecification and small sample bias.
� Literature: Xue, Genday and Fagan (2014), AÏt-Sahalia and

Jacod (2009) etc.
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Motivation 1-5

CC Market

� Cryptocurrencies (CC) still represent an emerging market that
suffers many changes because of updating regulatory
requirements and contradictory attitudes from institutions and
influential people
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Data 2-1

Data Source

� Data collected by Prof. Dr.
Hermann Elendner.

� Trading period: trading never
stops, 24/7, every single day.

� Cryptocurrency/Fiat exchange
rates
I Source: kraken.com
I Largest Bitcoin exchange in

euro volume and liquidity.
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Data 2-2

Cryptocurrency Market

Source: coinmarketcap.com
HF CC

https://coinmarketcap.com/#EUR


Data 2-3

Data Structure
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� 1st level bid and ask price of CC/EUR exchange rate.
� Timespan: 23.06.2017 - 30.07.2017, 24/7 every single day.
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Methodology 3-1

Basic Model

� Observe a microstruct-noise contaminated Yt with latent Xt ,

Yt = Xt + εt , t ≥ 0

with E(εt |X ) = 0.
� Efficient log price Xt is semi-martingale, Delbaen and

Schachermayer (1994),

Xt = X0 +

∫ t

0
asds +

∫ t

0
σsdWs

I (as)s≥0 càdlàg drift process, (σs)s≥0 càdlàg volatility process.
I

∫ t

0 σ
2
s ds integrated volatility.
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Methodology 3-2

Robust Integrated Volatility Estimator

� Realized kernel estimator: weighted autocovariances.
I Barndorff-Nielsen, Hansen, Lunde, and Shephard (2008)

� Two-scale/Multi-scale estimator: weighted subsampled RVs.
I Zhang, Mykland, Podolskij and Aït-Sahalia (2005)
I Zhang (2006, 2011)

� Pre-averaging estimator: take weighted local averages before
taking squares.
I Jacod, Li, Mykland, Podolskij, and Vetter (2009)
I Podolskij and Vetter (2009)
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Methodology 3-3

Price process with Jumps

� When

Xt = X0 +

∫ t

0
asds +

∫ t

0
σsdWs +

Nt∑
j=1

Ji

� The limit of RV
∑N

i=2(Xti − Xti−1)
2 is

∫ t
0 σ

2
s ds +

∑Nt
j=1 J

2
i

� In practice, it is necessary to distinguish the
∫ t
0 σ

2
s ds from∑Nt

j=1 J
2
i

� The bipower variation,
∑Ni

i=2 |Xti+1 − Xti ||Xti − Xti−1 |,
converges to λ1

∫ t
0 σ

2
s ds as max |ti − ti−1| → 0.

� Barndorff-Nelson and Shephard (2004, 2006) etc.
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Methodology 3-4

Non-synchronicity

� Suppose covariation of two price process X 1
t ,X

2
t as 〈X 1,X 2〉,

its realized volatility estimator is,

V∆n =

[ t
∆n

]∑
i=1

(
X

1
i∆n
− X

1
(i−1)∆n

)(
X

2
i∆n
− X

2
(i−1)∆n

)
I Actual transaction are recorded at random times.
I A portion of data missing at pre-specified grid.

� Based on Hayashi and Yoshida (2005),

E[V∆n ] = E

[ [ t
∆n

]∑
i=1

{
〈X 1,X 2〉τ1(i∆n)

∧
τ2(i∆n)

− 〈X 1,X 2〉τ1((i−1)∆n)
∨

τ2((i−1)∆n)

}
IG1 ∧

G2

]
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Empirical Finding 4-1

Jump Detection - BTC/EURO
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� h=100: unstable since 14th of July. Jumps detected on 16th,
21st, 22nd of July.
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Empirical Finding 4-2

Jump Detection - BTC/EURO
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� h=200: unstable since 12th of July. The impacts last longer.
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Empirical Finding 4-3

Jump Detection - Ripple/EURO
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� h=100: similar pattern as Bitcoin
HF CC



Empirical Finding 4-4

Event?

� Jumps may be caused by the exogenous events. source:
bitcoinmagazine.comHF CC



Conclusion 5-1

Outlook

� Co-movement across different CC/Fiat exchange.
� Efficient tests for jumps that are sufficiently robust to

withstand misspecification and small sample bias.
� Combine with sentiment analysis.
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