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Abstract

For most purposes of technical analysis, valuation metrics and many other relevant
financial methods, the price of the last transaction is considered representative of the
market price. The straightforward argument is that at this price, supply and demand have
last met. However, on closer examination, the question arises as to why a past event
should be relevant to the future, and why other, potentially more recent information
should not be used to discover a future price. Building on this question, we apply a range
of new price formation models to current data available on crypto currency exchanges
that depict level 1l market data, and compare their short-term forecast accuracy against
the common-used ticker price and mid-price. Data on crypto currencies is used as the
closest example to free markets, since crypto currency trading is continuous, markets
never close, and interferences through oversight is extremely rare. We find that two of
the five price formation models investigated outperform the widely used ticker as a price
indicator for the next trade. We conclude that the volume-limited clearing price best
predicts the price of subsequent trades. Its usage can thus enhance the explanatory power
of various financial analyses.
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1. Introduction

The concept of price has existed ever since man
began to trade. From very early on, economists such as
Smith (1776), Ricardo (1817) and Stackelberg (1934)
have examined the significance of prices and their
origin. While most economists agree that a price marks
the equilibrium between supply and demand, there are
different definitions of prices and different forms of
markets that influence the discovery of prices.

The interplay of supply and demand is perhaps best
illustrated by exchanges with the characteristics of an
order-driven market and a situation of perfect
competition, where the order books reflect the supply
and demand curves. For this reason the Limit Order
Book (LOB) is an important field of research and has
been studied in various ways (Glosten 1994; Biais et al.
1995; Foucault et al. 2005; Rosu 2009; Gould et al.
2013). If sales and purchase orders meet or if a market
order is executed, a trade is completed. The price at
which such a trade takes place is displayed as the so-
called "ticker" and represents the current value of a share
or a good. This suggests that the ticker is a relevant
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reference point for the present and the near future. The
more recent the trade and thus the ticker, the more
convincing this assumption.

A widely used alternative to the last price is the
mid-price (or midpoint price), the midpoint between the
best ask and the best bid offer (Laruelle et al. 2013;
O’Hara 2015; Cont and Kukanov 2017; Ntakaris et al.
2018). However, this indicator is associated with a
number of weaknesses, as it fails to consider not only
the volume of the last trade but also other important
factors that can have a significant influence on market
prices, such as the price depth of the bid and ask side
(Kempf and Korn 1999; Ahn et al. 2001) or the tick size
(Darley et al. 2000). Therefore, other measures have
already been developed and discussed in the literature to
discover more representative prices.

Besides asset pricing models (Sharpe 1963; Merton
1973; Bollerslev et al. 1988) and models that use
fundamental and technical methods (Graham and Dodd
1940; Damodaran 2012; Taylor and Allen 1992;
Damodaran 2012) to calculate future prices, many
models have been created for the increasingly important
high-frequency trading (Cont 2011; Agarwal 2012;
O’Hara 2015; Avellaneda and Stoikov 2008). High-
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frequency trading poses a challenge especially for
market makers. They not only have to fulfil their
primary task of providing liquidity but must also defend
themselves against possibly better-informed traders
(Menkveld 2013). Taking into account the often-
discussed diffusion of the price (Toth et al. 2011;
Mastromatteo et al. 2014), price criteria such as order
book imbalance (OBI) or order flow imbalance (OFI)
have been established in the literature in order to provide
market makers with an important indication of price
discovery (Eisler et al. 2012; Cont et al. 2014).

On the other hand, the literature is investigating
strategies to liquidate large positions without a
significant price impact (Easley and O'hara 1987; Lin et
al. 1995). To measure the success of such strategies, the
volume-weighted average price (VWAP) was
introduced as a benchmark (Konishi 2002; Madhavan
2002; Guéant and Royer 2014; Frei and Westray 2015).
This measure already takes into account the volume,
albeit ex post.

The weighted mid-price in turn integrates volume
in the form of order book imbalance into the discovery
of a future representative price. However, this method is
of limited use for high frequency trading as it only takes
into account the best bid and ask prices and their
respective volumes, which are susceptible to constant
cancellations in fractions of a second, as is common in
HFT (Gatheral and Oomen 2010; Robert and
Rosenbaum 2012). Therefore, a number of new models
based on the weighted mid-price were developed.
Bonart and Lillo (2016) adapted the Madhavan et al.
(1997) price formation model, taking into account quote
discretization and liquidity rebates to introduce price
definitions for large tick stocks. The approach by
Jaisson (2015) incorporates conditional expectations
and was adopted by Lehalle and Mounjid (2017) to form
the so-called micro-price as the expected future mid-
price under the condition of the current mid-price and
the degree of order book imbalance. Finally, Stoikov
(2017) tests mid-prices, weighted mid-prices and micro-
prices for their informative value and short-term
forecast accuracy. He finds that the micro-price yields
the most accurate results.

Building on the methods described above, we
define new price formation models and test their
accuracy in short-term price prediction in relation to the
commonly used ticker price. The null hypothesis of this
paper is therefore that none of our price formation
models is superior to the ticker price as an indicator of
the next trade.

We do not only use current data provided in every
level 11 order book, we also test a model that uses the
trade history as an indicator for pricing. The use of the
trade history is inspired by the ticker price, which is
itself a past-related value.

We test the forecast accuracy of our models using
crypto currency market data. Ghysels and Nguyen
(2018) already use data from crypto currency exchanges
in their work for new insights into price discovery. Our
choice of crypto market data is primarily motivated by
the non-stop 24/7 trading and the absence of distorting
stabilizing price mechanisms or regulatory intervention.
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For example, the auctions that are used on traditional
stock exchanges after trade disruption, for pre- or post-
trade, but also in case of excessive price volatility, have
a significant influence on price discovery. Madhavan
and Panchapagesan (2000) find that while the opening
auction of the NYSE increases price efficiency, it leads
to stagnation of prices and thus reduces their flexibility.
By contrast, the market for crypto currencies is cleaner
in this regard and can thus be seen as prototype closer
model of a free market. Furthermore, its data richness
makes it the perfect environment to analyse price
discovery.

Yet crypto markets also have disadvantages,
specifically their lack of regulation entails a risk of
manipulation. Many crypto exchanges are suspected of
flaunting wrong volumes, making it difficult for
researchers to obtain unspoiled results. We therefore use
data from exchanges that according to the Blockchain
Transparency Institute (2018) report unspoiled volumes
(Fusaro and Hougan 2019).

2. Price formation models

In the following, we will test five different price
formation models, two of which are tested with three
different parameter weights each, yielding a total of nine
separate calculations. The results will be compared to
the ticker price.

The first price formation model we study is the mid-
price. As already mentioned, the mid-price is often used
both in research and in practice for short-term price
predictions. In this simple calculation method, the
reference price is obtained as the mid-point between the
highest buy and the lowest sell offer:

1
mp =~ (p§ + pg) @

where mp is the mid-price, p? is the highest bid and
p§ is the lowest ask offer in the LOB. These prices are
always in the first position of the respective order book
side. Their distance to the best order of each order book
side is therefore zero, as indicated by the index O.
Though not relevant for the calculation of the mid-price,
the index is all the more important for the subsequent
model, the weighted mid-price (wmp):

wmp = ibp& + (1 — ib)pd )
wmp is calculated using the imbalance (ib), which

depends on the volume of the best bid (q2) and ask (q&)
offer:

b
ih =2 (3)

ag+ad

Both the mid-price and the weighted mid-price are
susceptible to frequent order changes or low volume
orders, which merely serve to price discovery,
especially in less liquid markets.

The clearing price is often defined as the price at
which the market settles a commodity or security, i.e.
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where the quantity delivered equals the quantity
demanded. In practice, the ticker price is often assumed
to be the clearing price because it is the price at which
the last units of an asset were traded. However, as the
above-mentioned studies on the liquidation of large
positions show (e.g. Cartea and Jaimungal 2016), this is
not always consistent with the required volume. The
following price formation model calculates the mid-
price for a given volume based on the original definition
of the clearing price. We call it the volume-limited
clearing price (vicp) and define it as follows:

faf ol Lap vl
()

vl

where the total price of a market buy order for a
fixed volume (volume limit) vl is given by the function
sf, which is defined as:

gz{iwﬁfijh#sw ©)
0 Jfor Xitoqi > vl

The total price of a market sell order for a fixed
volume vl is denoted as sf and defined analogously
using the bid-side offers. The volume-weighted average
bid and ask prices are then formed by dividing the total
prices of each side by the given volume. The average of
these values then yields the volume-limited clearing
price as the middle between the volume-weighted
average prices of each side of the LOB.

In calculating the market price, this model includes
the volume up to a fixed amount, thus excluding non-
representative orders located lower in the LOB that are
often placed on crypto markets by speculators in the
hope of a so-called fat-finger error, where an order is
placed of a far greater size or price than intended, or in
the wrong currency. The model adapts to market
conditions. If the specified volume (vl) does not exceed
the volume of the best bid and ask offer, the results of
the model are equal to the mid-price. Conversely, if vl
does exceed the volume of the best bid or ask orders, the
order book imbalance is also indirectly included in the
calculation, not directly by the volume itself, but by the
volume-weighting of prices. In markets with low
liquidity near the spread or in markets with frequent
placement and cancellation of low volume orders at the
top of the order book, the model produces more stable
and consistent results, while it delivers the same results
as the mid-price in liquid markets with high volumes
close to the spread.

Our next model is related to the vicp but uses a
price limit to calculate the price. We therefore call it the
price-limited clearing price (plcp). The prices are
weighted by volume and the distance to a reference
price. The further away an order price is from the
reference price, the lower its weight. The plcp is defined
as:

a b
Pispl a, a gPiZPlb o b
ity Pldwi+Xl, pdw;

a 0
pispl o PiZPL g
Tito dwi+Xl, dw;

plep = 2rp - (6)
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where rp is the reference price, pl is the price limit,
and dw? and dw/ are the distance weights of the ask and
the buy side, respectively. We define the price limit (pl)
as:

pl=rpx(1+2%) 7)
Starting from the reference price (rp), depending
on the order book side, the price limit (pl) is augmented
(ask side) or reduced (buy side) by a distance that is
calculated using percentage depth (pd). pd is an
external parameter that we assumed to be either 1, 2 or
3 in our sample. The parameter indicates up to which
price level of the respective order book page orders are
included in the calculation. The larger the value the
greater the price range within the orders will be included
in the calculation. While this can mean to incorporate
more information in form of more orders, it also
increases the likelihood of including a bias from noise,
for example, in the form of an order book that is
asymmetric by chance. Such risk is especially likely for
illiquid order books. We use the vicp as the reference
price, but the mid-price or any other reference value
serve just as well. To calculate plcp, we must
furthermore define the distance weights (dw):

dw = 1 8
(10,000%df (pyrp))*° ®)

The distance weights are calculated by discounting
the volume of an order (g;) using the distance function
(df (p;, rp)) and the distance exponent (de). We set the
external parameter de to 0.75 in our sample. The
distance function is defined as follows:

0 Lifpi=rp
pi .
df = 5—1 Jif pi >1p (9)
k%—l Jif pp<rp

If the price of an order is equal to the reference
price, the function assumes the value 0, which would
result in an error in the calculation of the weights.
Therefore, the reference price must be chosen so as to
make this impossible. Therefore, we use the vicp as the
reference price (rp) in our sample. vicp cannot be
reached by any buy or ask price, since its value is within
the spread. Hence, it is impossible that the condition
p; = rp occurs. It should be noted that even if the tick
size does not allow a lower price scaling, this does not
affect the hypothetical value of the vicp, since it is
infinitely scalable. For ask side prices, the function

assumes the value %— 1 since here the order prices
exceed the reference price. For the bid side, %— 1

A
applies, as the order prices are below the reference price.
An advantage of this model is that it takes into
account that orders located towards the bottom of the
order book are less relevant than those at the top. In
addition, it allows users to specify to which price depth
the LOB is taken into the calculation. The model also
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takes into account the OBI since the volumes are
considered but discounted according to their distance to
the reference price. By incorporating these discounted
volumes, the model also considers any imbalance of the
order book, which may provide a valuable signal of
excess demand or supply. Due to the weighting function
of the model, imbalances closer to the reference price
are weighted more heavily than more distant ones.
However, there is a risk that large orders will be placed
within reach of the reference price in order to manipulate
plcp and affect trading strategies based on it.

The next model uses the vicp as the reference price
as well and is furthermore using the price limit (pl) to
adjust the reference price by the factor (1 +
cf (af,ma)). This model, which we call the adjusted
reference price, is defined as follows:

arp =rp x (1 + cf (af ,ma)) (10)

cf is the cap function that limits the results of the
adjustment function (af) to a maximum adjustment
(ma):

0 Jifaf =0
c¢f =4 min(af,ma) ,ifaf >0 (11)
max(af,—ma) ,if af <0

The adjustment function (af) is determined by the
adjusted weights (aw) and defined as follows:

b
1 Z?f’“awlp
af = x < et 1 (12)

21:0 aw;

Within af the adjusted weights (aw) are taken into
account up to the price limit (pl) given by equation (7)
and are defined as:

aw = q; X blooxdf(pi,rp) (13)

Where q; is the volume of order i and b is an
external parameter whose exponent is 100 times the
distance function (9). This model uses the different
order volumes up to the predefined price limit of each
order book side to create an imbalance correction factor
by which the reference price is adjusted. The adjustment
is limited by the external parameter ma. For our sample,
we assumed 0.003 as the value for ma. While the price
limit for the plcp is determined by the prices of the
respective orders, in the arp, the price limit is
determined by the volume of the respective orders.

The last price formation model we shall test is
completely different from the previous ones. It does not
use current information but calculates a price based on
historical transactions. The model thus builds on the
ticker itself. While the ticker only uses the price of the
last trade and thus has the disadvantage of being quite
volatile, our model uses the prices and volumes all past
transactions up to a certain age, though with decreasing
weights. We call this price formation model the trade
history model (th) and define it as follows:

BRL Working Paper Series, No. 2

ags<al
Zg

agsaly, .
th =220 —— 14
Ziz;go_am tWi ( )
where the time weights (tw) are defined as:
i’
j— L
tw = (gD (15)

The volume of trade i (gq;) with the quantity
exponent (ge) is divided by the age of trade i (ag;) plus
1 raised to the age exponent (ae).The exponents allow
us to adjust the impact that age and volume shall have.
We selected three quarters for both exponents and 180
seconds for the age limit (al). The advantage of this
model is that smaller fluctuations or price spikes that
only correspond to small volumes have only a small
influence towards the calculation of the representative
price. The age limit allows us to determine how long a
period should be considered relevant for the
representative price. While the weight of older trades
would eventually be discounted to zero, the age limit
allows to cut off trades with a very low weight that do
not add much information but, when included, would
cost computing power and thus delay the result.

The reduced weights of older trades are in line with
the common sense notion that events in the more distant
past should have less bearing on the future. Table 1 lists
the values we selected for the external parameters:

Table 1: Parameters used in our price formation models

Parameter Value
volume limit (vl) 0.5
percentage depth (pd) 1/21/3
distance exponent (de) 0.75
base parameter (b) 0.75
Maximum adjustment (ma) 0.003
quantity exponent (ge) 0.75
age exponent (ae) 0.75
age limit (al) 180 s

3. Methodology

3.1 Dataset

To assess the performance of our price formation
models, we recorded their results in 44,640 minute-data
points from 01.12.2018 00:00 to 31.12.2018 23:59 for
the prices of 3 crypto currencies — Bitcoin (BTC),
Litecoin (LTC), and Ethereum (ETH), each expressed in
USD. These are the three largest-cap crypto currencies
that use the proof-of-work mechanism which implies a
natural price, as production of the cryptocurrencies
entails hardware and electricity costs. These mining
costs make such crypto currencies comparable to
commodities that must be extracted before they can be
traded and that therefore also have a natural price.
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Table 2: Summary statistics
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Exchange: Bitstamp

Exchange: Coinbase Pro

Variable* Pair Obs. Mean Std. Dev. Min Max Gaps Obs. Mean Std. Dev. Min Max Gaps
average price (ap)  BTC/USD 42,397 3,672.419 284.56030 3,124.043 4,258.983 1,977 | 44,515 3,670.546 286.29840 3,130.007 4,262.333 7
cumulated volume  BTC/USD 42,397  8.452792 19.13613  0.00000001  747.4297 1,977 | 44,515 10.95885 26.00548 0.0033852 780.322 7
ticker BTC/USD 43,599 3,669.414 284.82250 3,124.450 4,259.000 745 | 43,544 3,669.533 285.37100 3,130.000 4,260.990 747
mid-price (mp) BTC/USD 43,599 3,669.120 284.75700 3,124.395 4,256.485 745 | 43,544 3,669.463 285.35080 3,130.005 4,260.995 747
vilcp BTC/USD 43,599 3,669.120 284.75700 3,124.395 4,256.485 745 | 43,544 3,669.463 285.35090 3,130.005 4,260.995 747
plcp (pd =1) BTC/USD 43,599 3,670.005 284.02260 3,130.696 4,257.087 745 | 43,544 3,669.625 285.31030 3,130.295 4,260.977 747
plcp (pd =2) BTC/USD 43,599 3,671.592 283.57370 3,134.293  4,253.387 745 | 43,544 3,669.987 285.18640 3,130.366  4,260.812 747
plcp (pd = 3) BTC/USD 43,599 3,673.874 282.50840 3,137.189 4,252.351 745 | 43,544 3,670.423 284.89480 3,130.801 4,260.651 747
arp (pd =1) BTC/USD 43,599 3,669.876 284.28040 3,133.768 4,256.876 745 | 43,544 3,669.933 285.24630 3,134.686 4,261.971 747
arp (pd =2) BTC/USD 43,599 3,670.135 284.20140 3,133.768 4,255.414 745 | 43,544 3,670.212 285.07940 3,135.707 4,260.744 747
arp (pd = 3) BTC/USD 43,599 3,670.396 284.00800 3,133.768  4,255.279 745 | 43,544 3,670.484 284.85500 3,138.276  4,260.265 747
th BTC/USD 43,593 3,669.238 284.75250 3,123.971 4,256.771 751 | 43,481 3,669.153 285.42910 3,131.589 4,258.585 751
average price (ap)  ETH/USD 32,828 108.0186 18.64506 81.00368  158.7521 6,500 | 44,206 107.3039 18.60715 81.05930 158.9046 382
cumulated volume  ETH/USD 32,828  72.88672 195.2765  0.00000001 10,535.9 6,500 | 44,206 161.7086 368.4197  0.00000908 9,751.561 382
ticker ETH/USD 43,598 107.3014 18.6538 80.90000  159.0000 745 | 43,573 107.3293 18.66950 81.02000  158.9000 753
mid-price (mp) ETH/USD 43,598  107.2962 18.65477 81.02500  159.1000 745 | 43,573 107.3252 18.66823 81.01500  158.9200 753
vicp ETH/USD 43,598  107.2973 18.65509 81.02500  159.1151 745 | 43,573 107.3244 18.66851 81.01500  158.9200 753
plcp (pd =1) ETH/USD 43,598  107.3134 18.67433 81.10455  158.7652 745 | 43,573 107.3615 18.68454 81.02133  158.9345 753
plcp (pd =2) ETH/USD 43,598  107.3066 18.67263 81.16977  158.6250 745 | 43,573 107.3729 18.67781 81.20864  158.7655 753
plcp (pd = 3) ETH/USD 43,598  107.3309 18.67615 81.19224  158.9792 745 | 43,573 107.4017 18.67125 81.22263  158.8996 753
arp (pd =1) ETH/USD 43,598  107.3364 18.67386 81.18047  158.9958 745 | 43,573 107.3657 18.68673 81.00033  158.9191 753
arp (pd =2) ETH/USD 43,598  107.3087 18.66048 81.16103  159.0185 745 | 43,573 107.3603 18.67706 81.12344  158.8850 753
arp (pd =3) ETH/USD 43,598  107.3103 18.65994 81.15567  159.0649 745 | 43,573 107.3652 18.67346 81.11615  158.9086 753
th ETH/USD 42,038 107.5064 18.63124 81.00939  158.6411 1,391 | 43,566 107.3254 18.66939 81.06059  158.7901 754
average price (ap)  LTC/USD 14,860 28.72921 3.472321 22.28312  36.54796 7,653 | 43,484 28.68160 3.515606 22.24804  36.60000 1,019
cumulated volume  LTC/USD 14,860  87.71006 215.8864 0.0000195 7,016.141 7,653 | 43,484 208.45730 518.9125 0.0000686 16,635.98 1,019
ticker LTC/USD 43,598  28.67737 3.500075 22.26000  36.50000 745 | 43,599 28.68564 3.504076 22.29000  36.66000 745
mid-price (mp) LTC/USD 43,598  28.67417 3.501161 22.29000 36.48000 745 | 43,599 28.68342 3.504247 22.29000  36.65500 745
vilcp LTC/USD 43,598  28.67396 3.50122 22.29000 36.45334 745 | 43,599 28.68335 3.504342 22.29000  36.65500 745
plcp (pd =1) LTC/USD 43,598  28.70234 3.502903 22.30774  36.67040 745 | 43,599 28.69354 3.502409 22.28312  36.68698 745
plcp (pd = 2) LTC/USD 43,598  28.70207 3.502335 22.35563  36.57466 745 | 43,599 28.69981 3.500840 22.29339  36.68510 745
plcp (pd = 3) LTC/USD 43,598  28.71796 3.500369 22.43377  36.63261 745 | 43,599 28.70578 3.497388 22.28369  36.75701 745
arp (pd =1) LTC/USD 43,598  28.69513 3.502843 22.29490 36.56270 745 | 43,599 28.69688 3.503968 22.29043  36.67239 745
arp (pd =2) LTC/USD 43,598  28.68579 3.501306 22.30589  36.49267 745 | 43,599 28.69210 3.503236 22.29227  36.66402 745
arp (pd =3) LTC/USD 43,598  28.68722 3.500684 22.32009  36.50307 745 | 43,599 28.69255 3.502550 22.29079  36.68007 745
th LTC/USD 29,872 28.74320 3.468519 22.31970 36.52623 3,219 | 43,579 28.68353 3.504506 22.25870  36.55967 756

*The listed variables were recorded in the period from 01.12.2018 00:00 until 31.12.2018 23:59 using the application programming interface (API) of the respective crypto exchanges.
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We continuously calculated and recorded all results
of the price formation and discarded any raw data due to
data storage limitations. To test the forecast accuracy of
the models, we recorded all the trades that took place
during this period and formed a minute-by-minute
volume-weighted average price (ap). The aim of the
models is to predict the next minute’s ap.

The data was recorded using the application
programming interface (API) of the crypto exchanges
Bitstamp and Coinbase Pro, which we chose because
they support trading against US-Dollar pairs rather than
against a cryptocurrency that depicts the US-Dollar,
such as Tether, which supposedly represents exactly one
US-Dollar but in practice often diverges by at least a few
basis points. Coinbase Pro features greater trading
volumes than Bitstamp. For example, the average
cumulative trading volume per minute during the
sample period for the BTC/USD pair was 10.95885
BTC for Coinbase Pro and 8.452792 BTC for Bitstamp.

Depending on the crypto currency and exchange,
the data set contained between 7 (0.02%) and 7,653
(17.43%) gaps. These gaps in the reporting can be due
either to server problems or to the fact that no trading
took place and therefore no prices and volumes could be
recorded. Since the results of the mid-price, vicp, plcp
and arp models are based on order book data, the gaps
of these models are exclusively due to server
connectivity problems. In this case the order book was
not accessible via web sockets and therefore no data
could be recorded. The number of recording gaps due to
server connectivity problems is between 745 (1.67%)
and 753 (1.69%). In addition to these gaps, the trade
history model (th) also has gaps that result from a lack
of trading over a period that exceeded the external
parameter al, so that no result could be determined.
Therefore, this model has between 751 (1.69%) and
3,219 (7.21%) gaps, depending on the currency pair and
the exchange. At 6,500 (14.56%) to 7,653 (17.43%), the
currency pairs ETH/USD and LTC/USD as traded on
Bitstamp featured the most gaps.

So as not to distort the forecast performance of the
models, the gaps were not filled by interpolation or
similar methods. Rather, it was assumed that no trade
would have been possible even at other prices for the
gaps. Depending on the type of accuracy measure and
the crypto currency and exchange, varying numbers of
observations were used to calculate the measures of
forecast accuracy. As a result, some of the forecast
measures are more meaningful than others, which is
why we provide the number of observations used for the
calculation for each forecast measure, crypto currency
and exchange. For example, only 6,947 observations
were available to calculate the Mean Directional
Accuracy (MDA) for LTC/USD on Bitstamp, as
compared to 43,472 observation for other measurements
regarding BTC/USD on Coinbase Pro.

During the observation period (December 2018), the
crypto market experienced a phase of sideways
movement and relative price stability. During that
month, the Bitcoin price on Bitstamp fell from
3,973.253 USD to 3,690.607 USD. The prices on
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Coinbase Pro and the prices of LTC/USD and
ETH/USD show a similar pattern, though ETH/USD
rose slightly over the period. The lowest price for a
Bitcoin traded on Bitstamp was 3,124.043 USD while
the highest price was 4,258.983 USD, a range of
1,134.94 USD. Despite this large range, the standard
deviation around the mean of 3,672.419 USD was only
284.5603 USD, or 7.75% of the mean. For ETH/USD
and LTC/USD, the standard deviation amounted to
17.26% and 12.07% or the respective means. Thus, the
price of Bitcoin was more stable than the other two
currencies, yet all three crypto assets were more volatile
than most stock prices. Table 2 provides an overview of
the dataset.

3.1 Measures of forecast quality

To assess the forecast quality of the price formation
models, we first looked at the mean errors (M E) between
the weighted average price at minute t and the
prediction of each price formation model at time ¢t — 1.
The mean error thus expresses how well the price
formation model (x,_,) can determine the price of the
next minute (ap;).

ME = =¥t (ap, — X.—1) (16)

The mean error itself gives little information about
the quality of a forecast, which is why it should be
interpreted in conjunction with other measures. But it
can give an indication of potential systematic
distortions, which can be confirmed by the distribution
of the forecast errors. The mean absolute error (MAE),
on the other hand, uses the absolute values of the
forecast errors and thus provides information about the
quality of the price formation models, specifically the
average absolute difference between the realized
volume-weighted average price and the forecast result
of the respective price formation model. The smaller the
MAE the better. It is defined as:

1wy
MAE = ;Zi;’flapt — X1l (17)

Next, the root-mean-square error (RMSE) is often
mistakenly interpreted as MAE but it is the square root
of the average quadratic error, so any error has a squared
impact on the RMSE. Therefore, larger errors have a
stronger effect on the RMSE than on the MAE. In
conjunction with the MAE, the RMSE can provide
information on the size and frequency of outliers of the
price formation models. The RMSE is:

RMSE = \/%ZEZ?(apt = X¢—1)? (18)

All of the above forecast measures are scale-
dependent, so their results are not comparable across
different scales and thus different crypto currency pairs.
We therefore also draw upon the mean absolute
percentage error (MAPE), which is defined as:
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ape—Xt—1
ape

MAPE =~ Y=}

n

x 100 (19)

Each deviation between the actual volume-
weighted price at time t (ap,) and the price calculated
by a price formation model at time ¢t — 1 (x;_,) is scaled
by ap,. The resulting absolute percentage errors are
added up and divided by their number. The result is
multiplied by 100 for an easily interpretable percentage.

Another scale-independent measure of forecast
quality is the Mean Directional Accuracy (MDA). It
compares the direction of movement of the actual
volume-weighted price between times t — 1 and t to the
corresponding price movements predicted by each price
formation model and counts the number of matches.
MDA is defined as:

MDA = %Zii’f 1sign(ap; — ap,—1) ==
sign(xe_y — ap;_1) (20)

The signum function sign(ap; — ap;—,) extracts
the sign of the result and is an indicator function which
delivers the value 1 if the Boolean expression is true and
the value O if it is false. In the following, these five
forecast measures will be used to assess the accuracy of
the price formation models introduced above.

4. Results

4.1 Descriptive results

Table 3 provides an overview of the distribution of
forecast errors. While the number of forecast errors on
Coinbase Pro is between 42,446 and 43,472 for all three
crypto currency pairs, the number of observations on
Bitstamp varies considerably depending on the crypto
currency pair. For example, the number of forecast
errors on Bitstamp ranges from 11,872 (LTC) to 41,400
(BTC), depending on the currency pair. This is due to
the lower number of trades. Increased trading and higher
volumes could have a stabilizing effect on the
forecasting power of the price formation models. This is
also reflected in the standard deviation of the forecast
errors, which is lower on Coinbase Pro for all three
currency pairs than on Bitstamp. Furthermore, the
forecast errors of the mid-price and the vlcp have the
lowest standard deviation across all currency pairs and
exchanges.

The mean error (ME) is closest to the ideal value of
0 for the price formation model th, while we often find
the greatest distance for plcp with a percentage depth
(pd) of 3. The forecast errors can cancel each other out,
which is why this information only permits conclusions
on any systematic bias in the forecast. Therefore, it
makes sense to also interpret skewness and kurtosis. The
ideal distribution of the prediction errors should have the
bulk of its mass around 0 and be symmetrical, i.e. free
of systematic bias. Therefore, a skewness of 0 is
desirable. None of the price formation models we tested
conform with these expectations for the present data set;
each model is skewed either left or right, depending on
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the exchange and currency pair. However, the data set
does not allow a definitive conclusion on a systematic
bias of the models, as the sample size is insufficient.
Furthermore, factors such as trading volume and trend
can influence the skewness of the models. When
considering the kurtosis, all models have a leptokurtic
distribution, meaning that outlier forecast errors cause a
higher kurtosis compared to a normal distribution. It
should be noted that the crypto market is highly volatile
and numerous and large outliers are to be expected.

The range of forecast errors is depicted by the range
between the minimum and maximum values of the
distributions. Based on the mean of the volume-
weighted average prices per minute, plcp (pd=2)
produces the largest outlier, at -11.65193 USD
(-10.79%) for ETH/USD on Bitstamp, which gives an
impression of in what percentage range the maximum
forecast error of this sample moves. Taking this
approximation into account, the vicp features the lowest
negative and positive outliers for the currency pair
LTC/USD on Coinbase Pro, at -0.4422455 USD
(-1.54% off mean ap) and 0.4973602 USD (1.73% off
mean ap).

4.2 Forecast accuracy results

Tables 4 and 5 summarise the performance of the
price forecast models according to the accuracy
measures. We find that only the mid-price and the vicp
outperform the ticker. The vicp delivers the best results
in all settings except BTC/USD on Coinbase Pro, where
the mid-price fares best in terms of MAE, RMSE and
MAPE. The arp outperforms the ticker regarding MAE,
RMSE and MAPE only for the currency pairs ETH/USD
(except pd=1) and LTC/USD on Bitstamp. In terms of
the MDA, the arp outperforms the ticker for all
currency pairs on Bitstamp. This also applies to
LTC/USD on Coinbase Pro. All of the models perform
well in terms of MDA Only the ticker and the th
predicted the right direction for LTC/USD on Bitstamp
in less than 50% of the cases. In all other cases, the
MDA was higher than 50%, reaching almost 80% using
the vicp for the BTC/USD currency pair on Coinbase
Pro. Therefore, the MDA is also the only measure in
which the plcp performs better than the ticker, but only
on the exchange Bitstamp. If you take the other
measures into account in addition to the MDA, one of
the three variants of the plcp, with the exception of the
BTC/USD currency pair on Coinbase Pro, always yields
the worst results. The th, with one exception, has the
worst MDA scores.

Th also has high error values in MAE, RMSE and
MAPE that make this price formation model the most
inaccurate one regarding BTC/USD on Coinbase Pro.
Percentage depth (pd) affects the two price formation
models in a different way. While the results of the plcp
get worse with increasing pd except one case, the results
of the arp are very different for each currency pair and
crypto exchange. The arp delivers the same MAE,
RMSE and MAPE for the pd of 2 and 3. This is not the
case for the MDA values where all 3 variants always
deliver different results.



Meyer & Fiedler

Table 3: Descriptive results of forecast errors
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Exchange: Bitstamp

Exchange: Coinbase Pro

Variable Pair Obs. Mean*** Std. Dev. Min Max Skewness Kurtosis Obs. Mean*** Std. Dev. Min Max Skewness Kurtosis
ticker BTC/USD | 41,400 -0.1428145 3.853002 -65.27563 113.3840 0.5221805 33.05087 | 43,472 -0.1071414 2.853945 -53.65112 115.0898 1.6709690  109.88060
mid-price BTC/USD | 41,400 0.1363966 3.661642 -68.14551 113.3792 0.5204996 4212715 | 43,472 -0.0373140 2.797878 -52.85620 115.0950 1.7704400  117.73320
vicp BTC/USD | 41,400 0.1363927 3.661639 -68.14551 113.3792 0.5205011 4212726 | 43,472 -0.0373310 2.798049 -52.85620 115.0950 1.7716970  117.72060
plep (pd=1) BTC/USD | 41,400 -0.7454101 4.492013 -63.77490 113.3997 0.0792365 20.84293 | 43,472 -0.1995917 2.896663 -52.78857 114.9985 1.4810550  102.64520
plep (pd=2) BTC/USD | 41,400 -2.3389820 5.904117 -64.78003 113.1602  -0.6820557 11.27913 | 43,472 -0.5624896 3.209623 -56.88379 115.0166 0.9109057 73.07854
plep (pd=3) BTC/USD | 41,400 -4.6120950** 7.555653 -70.60889 112.1841  -0.8569101 7.487913 | 43,472 -0.9989331 3.714471 -59.09766 115.0649 0.1397506 45.25375
arp (pd = 1) BTC/USD | 41,400 -0.6231517 4.033147 -66.44995 113.5842 0.1667691 29.84744 | 43,472 -0.5087502 2.942000 -55.24170 112.2522 1.1721450 91.37984
arp (pd = 2) BTC/USD | 41,400 -0.8835018 4.120588 -67.18335 113.0457 0.0886651 27.82384 | 43,472 -0.7879328 3.020007 -53.66357 113.8369 1.2799050 86.92400
arp (pd = 3) BTC/USD | 41,400 -1.1451200 4.187862 -68.07227 112.1870 0.0516573 26.02866 | 43,472  -1.0607610** 3.114840 -53.96118 114.1516 1.2116100 78.19570
th BTC/USD | 41,394 0.0622466* 4.739802 -68.08594 112.0938 0.6705497 28.64003 | 43,466 0.0031333* 4.025582 -68.02002 114.1594 0.9714150 50.66674
ticker ETH/USD | 32,071 -0.0015450  0.2234428 -10.25539 8.878510  -0.5448075  237.89000 | 43,172 -0.0032428  0.1378413 -3.693253 5.338250 0.9488835 89.52297
mid-price ETH/USD | 32,071 0.0028443  0.2032276 -10.51039 4964989  -3.1962300 261.88960 | 43,172 0.0007962  0.1320679 -3.698250 5.333250 1.0750760  104.93300
vicp ETH/USD | 32,071 0.0018532  0.2026191 -10.51039 4904999  -3.2249620  264.64150 | 43,172 0.0016475  0.1302262 -3.698250 5.321250 1.1032770  109.74290
plep (pd=1) ETH/USD | 32,071 -0.0182400  0.2906091 -11.63182 4652527  -1.8394470 89.61051 | 43,172 -0.0356000  0.1480548 -3.709229 5.197601 0.2204351 65.61776
plep (pd=2) ETH/USD | 32,071 -0.0092176  0.2512048 -11.65193 4777916  -2.5553030 161.71860 | 43,172 -0.0469610  0.1633088 -3.736038 5.226929 0.1239929 48.54863
plep (pd=3)  ETH/USD | 32,071 -0.0337831  0.2557950 -10.59348 4619133  -1.7099730  107.96230 | 43,172  -0.0758313**  0.1959872 -3.785088 5.044724  -0.1422650 24.32324
arp (pd = 1) ETH/USD | 32,071 -0.0402868**  0.2311842 -10.93855 4676468 -2.8361330 176.58790 | 43,172 -0.0397929  0.1468128 -3.734612 5.047510 0.0103373 63.90995
arp (pd = 2) ETH/USD | 32,071 -0.0107153  0.2081569 -10.93855 4866119  -3.6262080 270.22660 | 43,172 -0.0343764  0.1410405 -3.737450 5.167580 0.3573516 79.22394
arp (pd = 3) ETH/USD | 32,071 -0.0120872  0.2066320 -10.60657 4848122  -3.2271050  250.13630 | 43,172 -0.0392539  0.1430195 -3.759537 5.079120 0.3465085 71.63035
Th ETH/USD | 31,421 0.0009207*  0.2677621 -10.84866  10.444200 0.2909025  179.65070 | 43,166 0.0003678*  0.1902531 -3.781166 5.334140 0.3902895 48.78142
Ticker LTC/USD | 14,472 -0.0007101  0.0873739  -0.9375744  0.4965343  -0.0522049 6.171695 | 42,461 -0.0010371  0.0354229 -0.489542  0.5215492 0.130377 23.95535
mid-price LTC/USD | 14,472 0.0021091 0.0654932  -0.7525730  0.5035858  -0.1073891 7.103322 | 42,461 0.0011830 0.0336209  -0.4554214  0.4973602 0.1797124 27.66747
vicp LTC/USD | 14,472 0.0022034 0.0650917  -0.7431812  0.5035858  -0.1137581 6.892412 | 42,461 0.0012623 0.0327919  -0.4422455  0.4973602 0.2108542 29.67061
plep(pd=1) LTC/USD | 14472 -0.0270455  0.0871657  -0.7736092  0.4435349  -0.0592737 4.727339 | 42,461 -0.0089732  0.0471586  -0.4731712  0.5649624  -0.0401711 10.18452
plep (pd=2) LTC/USD | 14,472 -0.0312074  0.0890187  -0.7848682  0.5145149  -0.3758366 5.199633 | 42,461 -0.0151752 0.04744  -0.5008621  0.6017933  -0.1066015 10.83832
plep (pd=3) LTC/USD | 14,472 -0.0486829** 0.1011004 -0.7873383  0.4550667  -0.7049779 5567241 | 42,461  -0.0211312** 0.0557252  -0.5280437  0.5517101  -0.1043430 7.30047
arp (pd = 1) LTC/USD | 14,472 -0.0199254  0.0717577  -0.7540188  0.4739609  -0.1902120 5.690813 | 42,461 -0.0122715 0.0418143  -0.5015144 0.5211658  -0.3046029 13.74064
arp (pd = 2) LTC/USD | 14,472 -0.0122200  0.0688298  -0.7552490  0.4984360  -0.2236288 6.258894 | 42,461 -0.0074566  0.0358036  -0.4715919  0.5216732  -0.0406260 22.48294
arp (pd = 3) LTC/USD | 14,472 -0.0136467 0.069117  -0.7555485  0.4974041  -0.1970743 6.085492 | 42,461 -0.0079102  0.0358172  -0.4814987  0.5126400  -0.0059778 22.22126
th LTC/USD | 11,872 -0.0004761*  0.0920367  -0.9375744  0.7291298 0.0664221 7.979197 | 42,446 0.0002627*  0.0473474  -0.5510941  0.7700900 0.4660955 21.76047

* Smallest absolute difference between the realized value and the forecast value among the models per exchange and currency.
** Largest absolute difference between the realized value and the forecast value among the models per exchange and currency.
*** The mean of the forecast errors is also called mean error (ME) and corresponds to the measure presented as equation (16) above.
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5. Discussion

For the purpose of short-term price prediction, we
tested various price formation models to determine the
best possible reference price for next minute
transactions. Our point of comparison was the widely
used reference price, the price of the last trade, or ticker.
To evaluate the results, we discussed, compared and
applied five different measures of forecast accuracy.

Especially the vicp produced satisfactory results in
terms of MAE, RMSE, MAPE and MDA. With few
exceptions, the vicp yielded the smallest forecast errors.
However, the mid-price, one of the simplest methods,

Table 4: Prediction accuracy statistics
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performed similarly well, while the performance of the
more complex models such as plcp and arp fell short of
the ticker.

The model th, while comparable to the ticker in its
use of past data, also scored worse than the ticker, in
particular in terms of the MDA. As mentioned before,
the RMSE weighs outliers more heavily than the MAE.
Joint consideration of these two errors can therefore also
provide information on how often a price formation
model delivers outliers. However, the results presented
in Table 4 do not provide any indication that a price
formation model has extreme outliers as there are no
significant differences between the RMSE and the
MAE.

Exchange: Bitstamp Exchange: Coinbase Pro
Variable Currency Pair Obs. MAE RMSE  MAPE (in %) Obs. MAE RMSE  MAPE (in %)
ticker BTC/USD 41,400 2.5008290 3.8556010 0.0676906 43,472 1.3942840 2.8559230 0.0377010
mid-price BTC/USD 41,400 2.3837850 3.6641370 0.0644824* 43,472 1.3368460* 2.7980950* 0.0361454*
vicp BTC/USD 41,400 2.3837830* 3.6641350* 0.0644824* 43,472 1.3368700 2.7982660 0.0361462
plep (pd = 1) BTC/USD 41,400 3.1394030 4.5533870 0.0858069 43,472 1.4802030 2.9034980 0.0400555
plep (pd = 2) BTC/USD 41,400 4.3306660 6.3504800 0.1197455 43,472 1.7814480 3.2585020 0.0484595
plep (pd = 3) BTC/USD 41,400  6.2953940**  8.8520020**  0.1760370** 43,472 2.1920540 3.8464070 0.0601219
arp (pd = 1) BTC/USD 41,400 2.7277360 4.0809560 0.0744427 43,472 1.7306120 2.9856310 0.0470424
arp (pd = 2) BTC/USD 41,400 2.8097420 4.2141910 0.0769994 43,472 1.8593170 3.1210680 0.0508788
arp (pd = 3) BTC/USD 41,400 2.8097420 4.2141910 0.0769994 43,472 1.8593170 3.1210680 0.0508788
th BTC/USD 41,394 3.0625170 4.7401540 0.0829009 43,466 2.3309770**  4.0255370**  0.0629825**
ticker ETH/USD 32,071 0.1350433 0.2234446 0.1218861 43,172 0.0993632 0.1599703 0.0897102
mid-price ETH/USD 32,071 0.1257658 0.2032443 0.1134796 43,172 0.0918924 0.1532304 0.0830182
vicp ETH/USD 32,071 0.1253738* 0.2026244* 0.1131290* 43,172 0.0903942* 0.1511029* 0.0816293*
plep (pd = 1) ETH/USD 32,071  0.2069371**  0.2911764**  0.1875569** 43,172 0.1233823 0.1766720 0.1115929
plep (pd = 2) ETH/USD 32,071 0.1696992 0.2513699 0.1562302 43,172 0.1474271 0.1971524 0.1356303
plep (pd = 3) ETH/USD 32,071 0.1777428 0.2580123 0.1642171 43,172 0.1934527**  0.2438157**  0.1809024**
arp (pd = 1) ETH/USD 32,071 0.1546615 0.2346647 0.1399154 43,172 0.1219117 0.1764811 0.1099843
arp (pd = 2) ETH/USD 32,071 0.1311313 0.2084292 0.1188359 43,172 0.1163638 0.1684283 0.1061308
arp (pd = 3) ETH/USD 32,071 0.1311313 0.2084292 0.1188359 43,172 0.1163638 0.1684283 0.1061308
th ETH/USD 31421 0.1600286 0.2677594 0.1441450 43,166 0.1499057 0.2229915 0.1357589
ticker LTC/USD 14,472 0.0611823 0.0873738 0.2128796 42,461 0.0201459 0.0354377 0.0702414
mid-price LTC/USD 14,472 0.0511455 0.0655249 0.1780156 42,461 0.0184600 0.0336414 0.0643586
vicp LTC/USD 14,472 0.0511193* 0.0651268* 0.1779636* 42,461 0.0179407* 0.0328158* 0.0625378*
plep (pd = 1) LTC/USD 14,472 0.0698912 0.0912622 0.2434180 42,461 0.0338185 0.0480042 0.1185498
plep (pd = 2) LTC/USD 14,472 0.0713118 0.0943276 0.2500376 42,461 0.0353329 0.0498075 0.1244850
plep (pd = 3) LTC/USD 14,472 0.0830481**  0.1122079**  0.2935278** 42,461  0.0441307**  0.0595965**  0.1570750**
arp (pd = 1) LTC/USD 14,472 0.0570743 0.0744704 0.1986870 42,461 0.0288751 0.0435773 0.1010922
arp (pd = 2) LTC/USD 14,472 0.0541281 0.0699038 0.1887111 42,461 0.0225699 0.0365714 0.0790098
arp (pd = 3) LTC/USD 14,472 0.0541281 0.0699038 0.1887111 42,461 0.0225699 0.0365714 0.0790098
th LTC/USD 11,872 0.0636875 0.0920341 0.2215854 42,446 0.0284269 0.0473476 0.0988673

* lowest value (highest degree of accuracy)
** highest value (lowest degree of accuracy)

All 4 error measures can be compared across the
exchanges for a given currency pair. A uniform picture
for all measures and currency pairs emerges; on
Coinbase Pro, which has the highest trading volume for
all 3 currency pairs, all price formation models perform
better than they do on the less busy exchange Bitstamp.
The MAPE allows a comparison of the price formation
models beyond currency pairs and crypto exchanges.
This confirms the influence of trading volume, as
described above. The greater the volume, the smaller the
MAPEs, which supports the argument that liquidity
fosters market efficiency. Conversely, this finding
enables the detection of wash trading, that is, trades in
which the buyer and the seller are the same entity. Such
trades do not add to price discovery and are considered
manipulative. As Coinbase Pro has more trading volume
than Bitstamp in all currency pairs, the MAPEs are also
lower in the former. However, considering the
BTC/USD pair on Bitstamp and ETH/USD on Coinbase

Pro, it appears that regardless of the crypto exchange,
the high-volume currency pair (BTC/USD) leads to
lower MAPEs.

The ME of the price formation models points to
systematic bias in the forecasts. The mid-price and vicp
are positive for some currency pairs and exchanges
while they are negative for others. It is therefore unclear
whether these two models are biased. For the remaining
models the MEs are negative, which could be an
indication of a general overestimation. However, there
is also the possibility that individual extreme
overestimates of the models may overcompensate those
of the underestimates and thus merely give the
impression of systemic distortion.
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Table 5: Mean Directional Accuracy results
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Exchange: Bitstamp Exchange: Coinbase Pro
Variable Currency Pair Obs. MDA (in %) Obs. MDA (in %)
ticker BTC/USD 39,457 61.7507667 43,466 75.3485483
mid-price BTC/USD 39,457 70.0737512** 43,466 79.1745272
vicp BTC/USD 39,457 70.0737512** 43,466 79.1791285**
plcp (pd = 1) BTC/USD 39,457 63.4817650 43,466 74.3937790
plcp (pd = 2) BTC/USD 39,457 60.6837823 43,466 71.4696544
plcp (pd = 3) BTC/USD 39,457 57.1888385 43,466 69.3277504
arp (pd =1) BTC/USD 39,457 66.7359404 43,466 73.5632448
arp (pd = 2) BTC/USD 39,457 67.0552754 43,466 71.8009479
arp (pd = 3) BTC/USD 39,457 66.4419495 43,466 69.9765334
th BTC/USD 39,456 58.0165247* 43,463 55.0698295*
ticker ETH/USD 25,704 55.2443200 42,799 69.0623613
mid-price ETH/USD 25,704 66.4332400 42,799 75.7751349
vicp ETH/USD 25,704 66.7289138** 42,799 76.5485175**
plep (pd = 1) ETH/USD 25,704 56.9366636 42,799 66.4992173
plcp (pd = 2) ETH/USD 25,704 60.1190476 42,799 64.0902825
plcp (pd = 3) ETH/USD 25,704 60.2668845 42,799 61.0598378
arp (pd =1) ETH/USD 25,704 62.2082166 42,799 67.8730811
arp (pd =2) ETH/USD 25,704 65.2699969 42,799 68.8660950
arp (pd = 3) ETH/USD 25,704 65.5539994 42,799 68.0156078
th ETH/USD 25,694 54.5964038* 42,795 55.0858745*
ticker LTC/USD 6,986 44.9184082* 41,463 61.7827943
mid-price LTC/USD 6,986 61.0506728 41,463 71.8399537
vicp LTC/USD 6,986 61.7377612** 41,463 73.2942624**
plep (pd = 1) LTC/USD 6,986 53.9650730 41,463 58.3894074
plcp (pd = 2) LTC/USD 6,986 54.5949041 41,463 60.3164267
plcp (pd = 3) LTC/USD 6,986 54.5949041 41,463 58.1892290
arp (pd =1) LTC/USD 6,986 58.4025193 41,463 62.7812749
arp (pd =2) LTC/USD 6,986 60.0772975 41,463 67.1128476
arp (pd = 3) LTC/USD 6,986 59.9627827 41,463 66.6087837
th LTC/USD 6,947 47.6608608 41,455 54.1888795*

* lowest value (worst performance).
** highest value (best performance).

The examination of the different weights of the
percentage depth parameter used in the plcp and arp
models has shown that more collected data in terms of
higher parameter weighting does not enhance the
predictive power for this data set. This could mean that
the information value contained in orders that are placed
deep in the book but intended to be executed is diluted
and outweighed by the misleading information
contained in orders that are placed solely to move the
market. The measures of forecast quality suggest that
the plcp model fares worse with increasing percentage
depths, so the benefit of recording the data at higher
percentage depths may be doubted. However, the
opposite often applies to the arp model. Although the
arp model delivered roughly the same results for
percentage depths of 2 and 3, raising the parameter from
1 to 2 improved the forecast quality, which justifies
additional data recording effort.

The analyses allow us to reject our null hypothesis,
which held that none of the price formation models we
examined is superior to the ticker. The models plcp and
mid-price in fact delivered superior forecast quality.
This holds implications for science and practice.

Other prediction models such as the ARIMA model
could use the vicp instead of historical price data and
possibly produce more accurate results. The vicp may
indeed become a more relevant reference price than the
ticker. This model should thus be taken into account in
future research.

Our results indicate that the vicp is a good short-
term prediction model and may therefore be used by
investors to estimate the value of future transactions.
Used as a signal for trading algorithms and deep-
learning, it may facilitate more accurate results. Market
makers can base their price discovery strategy on it or
combine currently used methods with the results of
vicp. The results suggest that it might be useful for
crypto and traditional exchanges to display the vicp n
next to the ticker and the order book to provide traders
with additional information.

Yet the present study also has a number of
limitations which we will discuss briefly in the
following. Firstly, it suffers from limited data quality
and availability. Since the interfaces from which the
data were obtained were not always accessible, the
record has gaps, which reduce the representativeness of
the results and necessitate further investigations on other
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datasets. Furthermore, it would be worthwhile to check
whether the results we obtained from minute data also
apply to shorter or longer intervals.

The crypto pairs analysed in this study were
selected on the basis of their large market capitalisation;
the crypto exchanges were picked because they list USD
currency pairs. It remains unclear whether our results
would hold when applied to other exchanges with their
own sets of procedures and rules, and to other crypto
currencies, or to altogether different classes of assets.

Some of the price formation models use externally
specified parameters. However, with the exception of
three different depth values we did not test different
values for each parameter, so we cannot state the
optimal values for each parameter in a given situation.

The vicp has emerged as the most accurate model,
so further research in this area appears to be warranted.
Determining the right volume limit is an interesting
challenge for future research. Yet in the less successful
models, too, different external parameters could be
tested to improve prediction performance. Furthermore,
the robustness of the model parameters should be
examined more closely. Finally, we did not test a
number of existing price formation models such as the
micro-price.

The implications for further research immediately
arise from these limitations. The robustness of the
models should be checked for other crypto currency
pairs and crypto exchanges. An analysis of the price
formation models over different time series by means of
the Diebold-Mariano test for differences in the mean
square error or an encompassing test such as the Fair-
Shiller test are promising tasks for further investigation
in this area (Diebold and Mariano 1995; Mizon 1984;
Mizon and Richard 1986; Fair and Shiller 1988).

The comparison of traditional financial data and
crypto data is another interesting subject for further
research. It would clarify whether the price formation
models perform equally well in both markets. Another
possible field of research would be the comparison with
traditional financial market forecast models. It remains
to be determined whether the price formation models,
which are based primarily on current data, are superior
to the traditional methods of technical analysis, which
are mostly based on historical data or whether there can
be a meaningful combination of both approaches.

Finally, as already mentioned, it would be
worthwhile to test how well the price formation models
perform when fed not with minute data but with longer
or shorter time periods. More specifically, it would be
interesting to see whether the vicp remains the most
accurate model when applied to different time periods.

6. Conclusion

In the current system of finance and crypto currency
exchanges, the price of the last transaction is issued as
the authoritative price. Yet doubts arise as to whether
the ticker, looking solely at the past and ignoring the
information contained in trading volume, can be
considered representative of future transactions.

BRL Working Paper Series, No. 2

We thus proposed a number of alternative market
price formation models and assessed their ability to
predict the price of the next trade. Various tests were
conducted to determine whether any of these
computational models could beat the ticker and can
therefore be considered more representative of future
trade. In a first step, different measures of forecast
quality were created and discussed. Additionally, the
price formation models were checked for systematic
over- or underestimations using their mean errors. It
turned out that, depending on the currency pair and
crypto market, the bias produced by a price formation
model may shift. An analysis of the distribution of the
forecast errors revealed a leptokurtosis for all price
formation models. We found that the mid-price and the
volume-limited clearing price (vicp) provided more
accurate forecasts than the other models and the ticker.

In conclusion, this work has revealed a number of
new findings that may prove very valuable in financial
market practice and that furthermore provide a solid
foundation for further research. The simple mid-price
and vicp models produced the most accurate forecast
results and are therefore most representative of future
transactions. The null hypothesis of this work that none
of the examined price formation models is superior to
the ticker can thus be rejected.
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