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1. Introduction

Bitcoin protocol was invented in late 2000s (Nakamoto, 2008). Since its launch
in 2009, it has been constantly changing and being adjusted — both as a technology
(improvement in program code and technical characteristics) and as a financial asset
(increasing capitalization and the number of users). Demand for cryptocurrencies in
financial market inspired new ones and led to infrastructure development (marketplaces
for bitcoin-based derivatives, crypto-exchanges, intermediaries in digital assets for
institutional investors, etc.). However, bitcoin remains the most reliable cryptocurrency
with the largest capitalization and the number of users. Bitcoin has been conceived
as a new form of money and is referred to by Selgin (2015) as synthetic commodity
money, but it is demanded primarily as a financial asset, and can be characterized as
«censorship-resistant digital gold» and «uncorrelated financial asset» (Carter, 2018).
«Digital gold» refers to one of the key technical properties of bitcoin — its fixed supply
of 21 mln coins that cannot be changed. Bitcoin emission is constructed in such a way
that the flow of new bitcoins is constantly decreasing after a certain number of new
coins have been generated, which can be viewed as a variant of Friedman’s (1960) k%
monetary rule.

Bitcoin has been (and still is) mostly demanded as a speculative financial asset. Prior
to 2020 it has been shown to be uncorrelated to other financial assets (Baur et al., 2018)
and it could be used as hedge against US dollar and stock indexes in the same way as gold
(Dyhrberg, 2016a, 2016b). This made it an effective diversifier and a safe-haven (Bouri
et al., 2017). Risk spillover from economic policy uncertainty (EPU) to bitcoin has
been negligible in most circumstances (Wang et al., 2018). Though research conclusions
about bitcoin’s properties as a financial asset depend on the studied period, the general
agreement is that until recently it was highly isolated from the global financial system.
However, since 2020 with the development of bitcoin-related infrastructure it has become
more integrated into the traditional financial sector and thus, in our opinion, might seize
to be an uncorrelated financial asset.

Increasing use of bitcoin as a financial asset inspired an increasing number of academic
research on various aspects of Bitcoin system — conceptual, theoretical and applied,
concerning the essence of cryptocurrency, regulations, cybercrimes, price manipulations,
and a growing number of studies on bitcoin pricing factors. For extensive surveys of
bitcoin-related empirical literature, we refer the reader to Corbet et al. (2019), Goczek,
Skliarov (2019). Papers with bitcoin pricing models (both short-term and long-term in
econometric sense) use three main groups of explanatory variables — macroeconomic
factors, public recognition factors, bitcoin economy’s factors (see Table 1). Most papers
published after 2014 use indicators from all three groups of factors as explanatory variables
(we call such models aggregate).
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Explanatory variables in bitcoin pricing models

Table 1

Macroeconomic factors

Bitcoin economy’s factors

Public recognition

factors
Fundamental Financial market Fundamental Technical

GDP, money S&P500 index, Total amount Hashrate level, Number of searches
supply, interest gold, oil, US dollar of bitcoins in difficulty of mining, | on Google,

rate, inflation, index, volatility circulation, number | block size, etc. number of views on
unemployment, index, treasury of transactions, Wikipedia, number
EPU index, bonds yields, S&P number of active of «Bitcoin»
industrial GSCI commodity addresses, total mentions on
production, etc. index, etc. volume of native Twitter, etc.

units, etc.

E.g. Baek and Elbeck (2014), Polasik et
al. (2015), Ciaian et al. (2015), Li, Wang
(2017), etc.

E.g. Ciaian et al. (2015), Li, Wang (2017),
Fantazzini, Kolodin (2020), Kristoufek
(2020), Garcia et al. (2014), Alabi (2017), al. (2018), Urquhart
Wheatley et al. (2019), Meynkhard (2019), (2018), Aslanidis et
etc. al. (2022), etc.

E.g. Polasik et al.
(2015), Dastgir et

Source: compiled by the authors. Authors that are highlighted in bold used more than one group of explanatory
variables in their models.

Bitcoin pricing models used different dependent variables (price or yield), different
indicators from each group of explanatory variables, different time periods and, often,
different econometric methods. This makes direct comparison of their results difficult.
However, many papers found that bitcoin economy’s factors influenced long-run bitcoin
price, confirming characterization of bitcoin as an uncorrelated financial asset. And
a number of papers concentrated on bitcoin pricing models based purely on bitcoin
economy’s factors.

The first group of such models considerd mining costs (regulation, price of equipment
and electricity) as the primary factor of bitcoin’s price. Different authors (Garcia et al.,
2014; Hayes, 2017, 2019; Fantazzini, Kolodin, 2020; Kristoufek, 2020) provided different
conclusions on whether bitcoin price is Granger-cause or is Granger-caused by mining
costs. The second group considerd internal and external network externalities of bitcoin.
These models are based on Metcalfe’s law (network’s value is proportional to the square
of its users’ number) and data on the number of active bitcoin addresses or created bitcoin
wallets. Most authors (Alabi, 2017; Wheatley et al., 2019) conclude that bitcoin’s pricing
isin line with Metcalfe’s law. The third group considerd halving — the technical property
of bitcoin emission of halving miners’ reward — as the primary factor of bitcoin’s price
(Meynkhard, 2019; Eksi, Schreitl, 2022). Bitcoin becomes more scarce and its value as
a financial asset increases with halving.

We believe that bitcoin represents an interesting innovation and an example of a financial
asset that for a certain period of time has functioned with reference to but outside of the
direct realm of the global financial system. Therefore, studying its pricing model prior
to its integration in the financial system on the basis of carefully selected hypotheses
sets a starting point for the analysis of similar financial innovations in the future. We are
not satisfied with the existing bitcoin pricing models (see discussion in the next section)
and therefore our aim is to develop an aggregate bitcoin pricing model on the basis of
theoretically grounded hypotheses and thoughtful selection of data. In the next section
we provide a brief critical review of the literature, explain our hypotheses and data
choice. Then we discuss our empirical strategy and empirical results. This is followed by
discussion and conclusions.
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2. Literature discussion and hypotheses

We have already stressed in the introduction that until 2020 bitcoin was largely isolated
from the global financial system. This means that its price in that period should be determined
first of all by the fundamental indicators of bitcoin itself. Macroeconomic factors might play
arole in long-term bitcoin pricing (or, rather in medium-term pricing) so far as they determine
demand for financial assets, of which bitcoin represents a special type. However, their role is
likely to be limited in the period when bitcoin is isolated from the global financial system. In
our view public recognition factors were important in the early days of bitcoin’s development
when it was gaining acceptance as a financial asset. Once it has lost its novelty and became
a specific financial asset that investors use, public recognition factors are relevant only in
periods of high market demand for bitcoin, and such periods represent temporary change
in investors’ beliefs and not more fundamental and long-term oriented factors.

In our opinion, models using mining costs as a lower bound of bitcoin price are not
theoretically grounded. Bitcoins’ emission mechanism is independent from mining
costs (Selgin, 2015). Unlike commodity money for which supply responds to changes in
supply costs, changes in mining costs do not affect bitcoins’ emission (though they might
affect miners’ shares in mining). Aggregate mining costs characterize only the degree of
Bitcoin system reliability — the higher they are, the more stable the system is in the case
of an external attack.

Models involving network effect use mostly the number of active addresses in Bitcoin
system. While this indicator reflects the essence of the Metcalfe’s law, it does not tell us
the real number of participants within this network, since one user might have several
addresses or one address might be used by several participants. Besides, this metric does
not account for users’ offchain activity, and thus overlooks large groups of bitcoin users.
A number of other metrics (available at Glassnode) can be used to estimate bitcoin
market demand, e.g.:

— total amount of transactions in Bitcoin network;

— total number of unique addresses that ever appeared in a transaction in the network;

— number of unique addresses that were active in the network either as a sender or

receiver;

— number of unique addresses holding at least 1, 10, 100, etc. bitcoins.

Halving-based models relate bitcoin’s pricing and emission mechanisms. They assume
that when bitcoin becomes more scarce, its value as a financial asset increases. In our
opinion, price mechanism of bitcoin in its early days could’ve been connected to its
relative scarcity. A proper metric of scarcity, in our opinion, should consider the flow
of bitcoins supplied to the market for exchange into fiat currencies. Miners constitute
a large part of such supply, and their supply of bitcoins can be estimated (see Helmy 2020,
2021 for details). Hence we propose an alternative way to estimate scarcity coefficient for
bitcoin — namely, the yearly stock-to-flow ratio based on miners’ spending of bitcoins:

364
MIS2F=S, .0,/ 7C, . Ct=Br-1+ Ri— Br,
where § is the total amount of bitcoins in circulation, C — miners’ spending of bitcoins, R —
miners’ revenue in bitcoins, B — miners’ balance (R and B are available at Glassnode).

Based on this brief critical literature review and on the fact that bitcoin has been
isolated from the global financial system for most of the time of its existence, we have
two main hypotheses regarding price dynamics of bitcoin in this period:

1) the scarcity coefficient is important for bitcoin pricing and its increase should be

related to increase in bitcoin’s price;
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2) bitcoin network effect indicators are important for bitcoin pricing and their increase

should be related to increase in bitcoin’s price.

We include macroeconomic factors to account for the fact that bitcoin is somewhat
similar to the commodity money and that it is a specific financial asset and technology.
To account for potential similarities between bitcoin and commodity money (as some
previous research has shown) we include the gold index and GS commodity index. To
account for the fact that bitcoin as a financial asset has similarities with high-speculative
IT-sector securities in the financial market we include NASDAQ-100 index into the model.

It would be natural to included data on trade volumes when estimating bitcoin’s pricing
dynamics since the volumes of trade reflect the actual interest in transactions involving
bitcoin in any way. However, our analysis of available statistics suggested that prior to early
2020s any information on the trade volumes coming from centralized cryptoexchanges
(like Binance) was unreliable due to manipulation and the absence of external scrutiny
and standards for reporting. The information from Coinbase cryptoexchange (legally in
the US jurisdiction and, presumably, following some standards for reporting) could not
be considered representative enough as the trade volumes there were tiny compared to
the total trade operations that included bitcoin. Therefore, we have opted not to include
data on the trade volumes in our analysis. Once the cryptocurrencies are better integrated
into the global financial system and subject to the regulatory control, information on
trade volumes will be more reliable and will be a useful indicator in the analysis of pricing
dynamics.

To sum up, we consider two broad groups of factors in our further analysis —
macroeconomic and Bitcoin’s economy factors (as grouped in Table 1). We omit public
recognition factors as they were relevant at the early stages of bitcoin’s existence that
we do not analyze. We formulate two specific hypotheses about the Bitcoin’s economy
factors — specifically, the scarcity coefficient and network effect indicators — to account
for the specifics of this new type of financial asset. Since previous research has shown that
bitcoin has some similarities to gold (and other commodities) and is a highly speculative
asset and not a reliable store of value, we add corresponding macroeconomic factors to
our aggregate model.

3. Methodology and data

At the preliminary stage we choose the time frame for our research. Our primary
interest is in finding bitcoin pricing model after it became reasonably widely used. This
defines our starting point — February 2011. By that time: bitcoin’s capitalization was
over 5 mln USD, bitcoin’s price was over 1 USD, number of daily transactions was over
1000, bitcoin became means of payment in shadow operations, and specialized mining
equipment came into the market.

To determine the end period for our research, we run a series of tests for structural
breaks to determine the date when external influences became more important than
bitcoin economy’s factors (i.e. when bitcoin became integrated in the global financial
system). LR and Wald tests suggest the structural break in March 2020, and this sets
the upper limit on our dataset. After this the pricing model of bitcoin has changed, and
finding the new bitcoin pricing model is a task for a different study.

Most papers on bitcoin pricing models use time-series methods — VAR and VECM
(Bouri et al., 2018; Guidici, Abu-Hashish, 2019; Goczek, Skliarov, 2019), ARDL/
NARDL (Ciaian et al., 2015; Li, Wang, 2017). We apply a two-stage approach. First
we run a series of two-dimensional VAR (VECM where appropriate) models to select
the best candidates from an extensive list (see Appendix A) of bitcoin fundamental
indicators related to network effect and scarcity coefficient relying on Granger causality
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concept for selection. Granger causality was tested using the Toda—Yamamoto (1995)
procedure. Next we build ARDL and NARDL aggregate models that include both bitcoin
fundamental indicators and relevant macroeconomic indicators (see Table 2 for the list
of final selection of variables; all data are monthly).

Table 2
Variables used in final specifications
Notation Description Group of factors Source
PR bitcoin price in USD dependent variable Glassnode
MIS2F stock-to-flow ratio based on bitcoin fundamental Glassnode
miners’ spending indicator — scarcity
coefficient
ABI1 number of addresses with bitcoin fundamental Glassnode
balance higher than 1 BTC indicator — network effect
GLD gold index macroeconomic indicator Yahoo Finance
GSCI GS commodity index macroeconomic indicator Yahoo Finance
NQ NASDAQ-100 macroeconomic indicator Yahoo Finance

ARDL models were estimated in the following form (Pesaran et al., 2001):

p 9, ) 93
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where Y — represents bitcoin price in USD, X; — represents scarcity coefficient variables, X, —
represents network effect variables, X; — represents gold or commodity indexes, X, — represents
NASDAQ-100 or similar indexes, p, q,, ¢», ¢3, 44 — represents the number of lags, u,— is error term.

NARDL model is similar except that for each independent variable we separate positive
and negative changes with separate coefficients (Shin et al., 2014).

We choose ARDL/NARDL multidimensional models for final specifications since they
have a number of advantages over VAR/VECM models: (1) possibility of both long-term
and short-term specifications (in econometric sense); (2) being somewhat more effective
under small samples; (3) can be used both for 1(0) and I(1) time series.

4. Results and discussion

Table 3 describes most robust ARDL/NARDL specification without autocorrelation,
with dynamic stability and cointegration (see Appendix B).

Table 3
Most robust ARDL and NARDL specifications
Model specification Y X, X, X; Xy
ARDL(2,6,1,1,6) PR MI1S2F ABI1 GLD NQ
ARDL(2,6,1,2,6) PR MI1S2F AB1 GSCI NQ
NARDL(1,6,1,6,6,4,2,6,6) PR M1S2F ABI GLD NQ
NARDL(1,6,1,6,6,0,5,1,6) PR MIS2F ABI GSCI NQ
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Since our main objective is to build bitcoin pricing model for the longer period, we

proceed with long-term ARDL and NARDL models (see tables 4 and 5).

Table 4
Long-term ARDL models
Variable ARDL(2,6,1,1,6) ARDL(2,6,1,2,6)
Coefficient t- statistics Coefficient t- statistics
MIS2F (X)) 14.49** 2.58 12.30% 1.98
ABI (X,) —5.84 —1.43 —4.88 —0.92
GLD (X3) 1.99 0.59 - —
GSCI (X3) — - 0.89 0.45
NQ (Xy) —11.92* —1.86 —9.34* —1.90
*p<0.10, ** p < 0.05, *** p < 0.01 (significance at 10%, 5% and 1% levels).
Table 5
Long-term NARDL models
Variable NARDL(1,6,1,6,6,4,2,6,6) NARDL(1,6,1,6,6,0,5,1,6)
Coefficient t-statistics Coefficient t- statistics
MIS2F (X;*) 10.49%#* 3.68 12.77** 2.27
MIS2F (X;) —3.82 —0.78 —0.40 —0.07
ABI (X;") —11.75%* —2.38 -9.22 —1.53
AB1 (X,) -10.91 —-1.20 —11.14 —0.72
GLD (X;%) 15.44* 1.86 — -
GLD (X37) —14.60* -1.75 - —
GSCI (X57) — — 1.03 0.21
GSCI (X57) — - —1.76 —0.67
NQ* (X,h) —16.49** -2.02 —5.05 —1.04
NQ~ (X)) 3.08 0.66 4.18 0.72

*p<0.10, ** p <0.05, *** p < 0.01 (significance at 10%, 5% and 1% levels).

The stock-to-flow ratio based on miners’ spending is positive and significant in both

ARDL specifications, and its positive change coefficient is positive and significant in both
NARDL specifications. In the two-dimensional VAR/VECM models the stock-to-flow
ratio Granger-causes bitcoin price, and the two variables are cointegrated. Hence, our
first hypothesis — the scarcity coefficient is important for bitcoin pricing and its increase
should be related to increase in bitcoin’s price — is confirmed. Stock-to-flow ratio based
on miners’ spending has significant positive impact on bitcoin price.

The coefficient of the network effect variable is significant only in one NARDL
specification, and its relation to bitcoin price is counterintuitive — as the network effect
increases, bitcoin price decreases. In all other robust specifications, this coefficient is not
significant. In the two-dimensional VAR/VECM models bitcoin price Granger-causes all
variables describing network effect. Hence, our second hypothesis — that bitcoin network
effect indicators are important for bitcoin pricing and their increase should be related to
increase in bitcoin’s price — is not confirmed. Our results suggest that it is bitcoin’s price
that stimulates demand for bitcoin (and related network effect), not the other way round.
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Macroeconomic indicators (gold or commodity index) are not statistically significant
in any of the models. In one of NARDL models both positive and negative changes in the
gold index are related to increases in bitcoin’s price (at 10% significance level). Thisis in
contrast with previous literature and implies that during crises bitcoin could be used as
a safe-haven (alongside gold) due to its inelastic supply, and during market booms bitcoin
was attractive as a speculative asset. NASDAQ-100 index is important for bitcoin’s price
in three models out of four, and its increases are related to decreases in bitcoin’s price
meaning that in periods of traditional financial market growth bitcoin was less attractive
to investors. These results stress that bitcoin in the studied period remained a speculative
financial asset by its nature, it did not display characteristics of any form of money (and
was not similar to commodity money it is often likened to).

Short-term specifications of our models confirm these results (see Appendix C). The
stock-to-flow ratio is statistically significant and demonstrates a sort of overshooting —
bitcoin’s price increases two months after an increase in bitcoin’s stock-to-flow ratio, and
then decreases in the next three months. Results for the network effects are not robust
and counterintuitive in different specifications. In the short run bitcoin’s price changes in
line with the commodity index, but inversely to the gold index, contradicting ‘safe-haven’
results of earlier papers. And as bitcoin’s price changes were in line with the short-term
NASDAQ-100 changes, bitcoin indeed can be considered as a speculative finanial asset.

Our results are constrained by the time period considered and by the choice of variables
for bitcoin fundamental indicators. We are aware that onchain metrics for the network
effects poorly estimate true Bitcoin network users and disregard offchain activity. Onchain
metrics based on addresses clustering measure network effect seems to be better, but they
were not used in the final specifications due to the absence of long-term relationship with
bitcoin’s price. Our scarcity coefficient measure is not ideal either, but in our opinion it
reflects better the notion of scarcity than the metrics used in previous research. In further
studies a measure related to offchain activities with bitcoin might be tried.

5. Conclusions

We aimed to develop an aggregate bitcoin pricing multidimensional model for testing
hypotheses about bitcoin fundamental indicators as its price determinants in the period
when bitcoin was largely isolated from the global financial system but was already accepted
as a financial asset. We used the scarcity coefficient and network effect indicator as
bitcoin economy’s factors and gold/commodity index and NASDAQ-100 index as
macroeconomic factors.

Our first hypothesis that the scarcity coefficient is important for bitcoin pricing and
its increase should be related to increase in bitcoin’s price was confirmed. We could not
confirm our second hypothesis that bitcoin network effect indicators are important for
bitcoin pricing and their increase should be related to increase in bitcoin’s price. Gold/
commodity index is not related to bitcoin’s price in the long run, while NASDAQ-100
index is, suggesting that bitcoin has been a speculative financial asset in the studied
period of time.

Our results are constrained by our aim, by the time period considered and by the
choice of variables for bitcoin fundamental indicators. In the future one might try other
metrics based on bitcoin economy and pay more attention to macroeconomic factors
as bitcoin integrates into global financial sector. Finally, we would like to stress that as
bitcoin became mostly integrated into the global financial system, its pricing dynamics
very likely has changed compared to our results, and to find its new form might be the
task of some future research project.
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APPENDIX

Appendix A
Variables tried, but not included in the final specifications
Table A.1
Description of alternative variables for various groups of factors
Notation Description Group of factors Source
AACT number of active addresses bitcoin fundamental indicator — Glassnode
network effect
ABO number of unique addresses with non-zero bitcoin fundamental indicator — Glassnode
balance network effect
ABO001 number of unique addresses holding at least 0,01 | bitcoin fundamental indicator — Glassnode
BTC network effect
ABO1 number of unique addresses holding at least 0,1 bitcoin fundamental indicator — Glassnode
BTC network effect
ANEW number of new addresses bitcoin fundamental indicator — Glassnode
network effect
ASUP001 total circulating supply held by addresses with a | bitcoin fundamental indicator — Glassnode
balance between 0,001-0,01 BTC network effect
ASUPO1 total circulating supply held by addresses witha | bitcoin fundamental indicator — Glassnode
balance between 0,01-0,1 BTC network effect
ASUPI1 total circulating supply held by addresses with a | bitcoin fundamental indicator — Glassnode
balance between 0,1-1 BTC network effect
EACT number of active entities (cluster of addresses bitcoin fundamental indicator — Glassnode
that are controlled by the same network entity) network effect
ENEW number of new entities bitcoin fundamental indicator — Glassnode
network effect
X total amount of transactions in the Bitcoin bitcoin fundamental indicator — Glassnode
network network effect
S2FA stock-to-flow ratio adjusted for the number of bitcoin fundamental indicator — Glassnode
bitcoins lost scarcity coefficient
S2FL stock-to-flow ratio adjusted for the number of bitcoin fundamental indicator — Glassnode
liquid bitcoins scarcity coefficient
MI1S2FA stock-to-flow ratio based on miners’ spending bitcoin fundamental indicator — Glassnode
adjusted for the number of bitcoins lost scarcity coefficient
MI1S2FL stock-to-flow ratio based on miners’ spending bitcoin fundamental indicator — Glassnode
adjusted for the number of liquid bitcoins scarcity coefficient

All data are monthly.
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Appendix B
ARDL and NARDL models tests
Table B.1
Model adequacy tests for ARDL and NARDL models.
Model specification F-stat 95% lower | 95% upper | Cointegration | F-stat (x2 & | Autocor-
bound bound presence p-value) relation
ARDL(2,6,1,1,6) 42034 2.56 3.49 yes 0.3296 no
(0.6565)
NARDL(1,6,1,6,6,4,2,6,6) 6.8591 2.11 3.15 yes 1.4703 no
(0.0685)
ARDL(2,6,1,2,6) 5.0111 2.56 3.49 yes 1.1770 no
(0.2253)
NARDL(1,6,1,6,6,0,5,1,6) 5.6650 2.11 3.15 yes 0.9805 no
(0.1939)
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Appendix C
Short-term ARDL and NARDL specifications
Table C.1
Short-term ARDL models.
Variable ARDL(2,6,1,1,6) ARDL(2,6,1,2,6)
Coefficient t-statistics Coefficient t-statistics
PR, 0.29%x 3.28 0,28 3.37
MIS2F, 0.77 1.18 1.06* 1.68
MIS2F,_, —-0.91 —1.14 —1.12 —1.45
MIS2F, , 2.7 3.03 2.30%%* 3.17
MIS2F,_; —1.92%* —2.46 —1.99** —2.62
MIS2F,_ 4 0.04 0.06 —0.06 —0.08
MI1S2F,_s —1.44%* —2.17 —1.72%%x —2.71
ABI, 2.08%* 2.59 2. 57 3.27
GLD, —0.68 —-1.19 - -
GSCI, - - 0.12 0.28
GSCI,_, - - 1,275 2.78
NQ; 0.53 0.86 0.40 0.61
NQ,_, 0.52 0.81 —0.29 —0.41
NQ., 0.78 1.24 L.11* 1.83
NQ,._3 1.42%* 2.23 1.61%* 2.61
NQ,., 0.65 0.97 0.75 1.16
NQ._s —1.49** —-2.41 —1.15*% —-1.91
R? 0.5793 0.6132

*p<0.10, ** p <0.05, *** p < 0.01 (significance at 10%, 5% and 1% levels).
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Table C.2
Short-term NARDL models.
Variable NARDL(1,6,1,6,6,4,2,6,6) NARDI(1,6,1,6,6,0,5,1,6)
Coefficient t-statistics Coefficient t-statistics
MIS2F*, 0.50 0.72 1.89%** 2.92
MIS2F*,_, —3.34%%* —3.89 —2.85%%* —3.66
MIS2F*,, 4.16%%* 5.82 3.90%** 5.57
MIS2F*,_; —2.77H** -3.59 —2.2]H% —2.86
MIS2F*, 4 —0.87 —1.12 —0.47 —0.60
MIS2F*,_s —2.42%%* —3.50 —2.46%** —3.74
MIS2F-, 2.22 1.58 4.10%** 3.06
ABI1*, 5.86%+* 6.00 5.88%** 6.17
ABI1*,_, 1.65 1.44 1.23 1.10
ABI*,, 0.18 0.17 —0.00 —0.00
ABI7, 5 1.96%* 2.11 1.48 1.62
AB1*,_, —2.37** —2.53 —2.30%* —2.48
ABI1*,_s 3,35k 4.01 2.64%* 3.41
ABI1, —8.80** —2.50 —11.93%** —3.40
ABl-,, 373 0.86 2.78 0.66
ABI-,, —8.89%* -2.15 —10.24%* —2.60
ABl—,_; —1.31 —0.32 —0.46 —0.12
ABl—_4 12.34%%* 3.06 9.03** 2.26
ABl1-,_; —11.08*** —3.69 —9.47%x* -3.17
GLD*, —1.29 —1.20 - -
GLD*, , —3.20%5 -3.16 - -
GLD", , — 2.4 -2.87 - -
GLD*, , —2.01%* ~2.36 - -
GLD—, 0.34 0.33 — —
GLD-, , 1.98* 1.83 - -
GSCI~, - — —0.32 —0.66
GSCI-, - - 1647 2.76
GSCI-,_, - - 0.42 0.70
GSCI-, , - - 0.23 0.37
GSCI-, , - 1.31%* 2.35
NQ*, 1.01 1.09 0.54 0.67
NQ, 4. 17%** 21 - —
NQ*,., 2.49%* 2.48 - -
NQ*,, 2,85 2.93 - -
NQ*, , 2.8 2.78 - -
NQ*._s 1.62 1.53 — —
NQ-, 2.77* 2.21 3,98%%* 3.17
NQ—, —0.44 —0.35 1.04 84
NQ ., 0.63 0.50 2.58%* 2.11
NQ—_; 1.92 1.56 3.50%** 3.10
NQ— 4 2.01 1.63 2.06%* 1.80
NQ—s =317 —2.64 —2.02%* -2.12
R2 0.8211 0.7952

*p<0.10, ** p <0.05, *** p <0.01 (significance at 10%, 5% and 1% levels).
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