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Abstract
We have developed and made available a new Cryptocurrency Uncertainty Index (UCRY) based on
news coverage. Our UCRY Index captures two types of uncertainty: that of the price of cryptocurrency (UCRY Price) and uncertainty of cryptocurrency policy (UCRY Policy). We show that the
constructed index exhibits distinct movements around major events in cryptocurrency space. We
suggest that this index captures uncertainty beyond Bitcoin, and can be used for academic, policy,
and practice-driven research.
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1. Introduction
How uncertain are investors about cryptocurrencies, and what drives this? This paper poses
a construction and analysis of two indices of policy and price uncertainty for cryptocurrencies in
order to address the level of uncertainty that investors experience and the motivating factors of
such in regards to cryptocurrencies. Uncertainty is an essential determinant of the volatility of
cryptocurrency, in large part due to its association with the future earnings of such. Yet different
types of uncertainty may have varying impacts and predictive power on cryptocurrency markets.
In addition, it is worth noting the difference between price volatility and price uncertainty. Cryptocurrency price volatility measures the size of variations of cryptocurrency returns, and should
be the standard deviation of cryptocurrency logarithmic returns between their daily closing prices.
Walther et al. [2019] use 17 different economic and financial indices to predict the volatility of
cryptocurrencies. They point out that it is driven by global business and a network of interacting
driving factors. The Financial Stress Index and the Chinese Policy Uncertainty Index are useful
and impactful predictors for the volatility of cryptocurrencies but are overshadowed by the Global
Real Economic Activity Index. Cryptocurrency price uncertainty measures the size of unpredictable
disturbances in the price of cryptocurrency. Demir et al. [2018] prove that Economic Policy Uncertainty has a predictive power on Bitcoin returns. Large moves in cryptocurrency uncertainty are
less frequent but more persistent than moves in cryptocurrency price volatility.
Akyldirim et al. [2020] showed that during times when investors’ fears are elevated, cryptocurrency markets experienced an increase in volatility. The authors used VIX (CBOE-traded) and
VSTOXX (DAX-traded) volatility indexes as measures of the United States and European financial
market risk respectively. Fang et al. [2020] further analysed the impact of the News-based Implied
Volatility index (NVIX) on cryptocurrency returns, providing evidence that NVIX, developed by
Manela and Moreira [2017], is a more powerful predictor of the long-term volatility in selected
cryptocurrencies than the Global Economic Policy Uncertainty index (GEPU) proposed by Davis
[2016]. These results indicate that cryptocurrency market volatility might be more susceptible to
price uncertainty and investors’ perceptions than to policy uncertainty.
Findings reported by Aysan et al. [2019] demonstrate that the Geopolitical Uncertainty Index
(GPR) can predict Bitcoin returns and volatility. Conlon et al. [2020] further compared the impacts
of GEPU and GPR indexes on cryptocurrency returns, yet found no substantial safe haven or
hedging properties of cryptocurrencies against either uncertainty proxies, apart from a weak ability
to hedge against GEPU during a bull market. Their results are consistent with other papers
in this area, such as Wu et al. [2019], Al Mamun et al. [2020]. Gozgor et al. [2020] analysed
the impact of Trade Policy Uncertainty (TPI) on Bitcoin returns and demonstrated a significant
positive correlation between returns and uncertainty variables.
Investment sentiments have been found to be useful for predicting cryptocurrency volatility and
returns. Corbet et al. [2020b] constructed a sentiment index based on news stories that followed
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the announcements of four macroeconomic indicators: GDP, unemployment, Consumer Price Index
(CPI) and durable goods. The results showed that Bitcoin returns responded differently to news
than to stock market returns. Furthermore, it was found that the price cryptocurrency’s reaction
to news and announcements may vary depending on the type of digital assets. Thus, according to
Corbet et al. [2020a], currency-based digital assets are likely more susceptible to the US monetary
policy announcements, while applications or protocol-based digital assets are immune to these
shocks. Similar differences are found for mineable and non-mineable currencies, meaning that the
response to various types of uncertainty of some digital assets would be distinct from that of Bitcoin.
Yarovaya and Zięba [2020] further classified cryptocurrencies with respect to multiple qualitative
factors, such as geographical location of headquarters, founder’s origin, underlying platform, and
the consensus algorithm. They explored the differences in patterns of interconnectedness patterns
between trading volume and returns across cryptocurrencies from different categories. Benedetti
and Nikbakht [2021] identified that specific heterogeneous characteristics of digital tokens affected
the cryptocurrency returns. The speculative nature of cryptocurrency markets has implications for
market efficiency, portfolio diversification, the contagion effect and financial stability literature, see
Corbet et al. [2018] for a systematic review of past papers in this field.
This paper is motivated by three main theoretical arguments discussed in the aforementioned
literature. Firstly, our interest lay in exploring the effect of potential clientele in cryptocurrency
markets, that is, different groups of investors who are attracted to particular kinds of cryptocurrencies. Secondly, due to their speculative nature, cryptocurrencies are attractive to amateur investors
who have the potential to interpret publicly available information differently from large institutional investors. Thus, the impact of uncertainty on cryptocurrency markets will depend on types
of uncertainty and the type of digital assets. Thirdly, we considered the importance of determinants
of cryptocurrency market volatility analysis. We did so due to the explosivity of cryptocurrencies,
which has created a new type of information asymmetry that affects other markets and poses a
significant threat to financial stability (e.g., Akyildirim et al. [2020]). Therefore, it is important to
develop a measure that can capture uncertainty in cryptocurrency markets.
In addition to the previously addressed indices, a few papers attempted to design new uncertainty indexes, for example, Huang and Luk [2020] introduced a new China EPU index using 10
mainland Chinese newspapers. Additionally, Trimborn and Härdle [2018] introduced the CRIX index to assess the markets volatility of cryptocurrencies. Moreover, there are further cryptocurrency
market indexes available, such as the market capitalisation-weighted Bloomberg Galaxy index.
However, there is presently no designed index that captures uncertainty of cryptocurrency markets’
price and policy.
We introduce a new Cryptocurrency Uncertainty Index (UCRY) that captures two main types
of uncertainty, Cryptocurrency Policy Uncertainty (UCRY Policy) and Cryptocurrency Price Uncertainty (UCRY Price). These indices can be used to assess how policy and regulatory debates
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affect cryptocurrency returns and volatility, and how this impact differs from reaction to Bitcoin
attention in general. It is important to distinguish between two types of cryptocurrency uncertainty,
since it may help to better understand the behaviour of different sets of investors in cryptocurrency
markets. While informed investors would be sensitive to changes in policy uncertainty, amateurs
may react more strongly to general media attention towards cryptocurrencies and their price fluctuations. Increasing institutional interest in digital assets may also make cryptocurrency markets
more susceptible to policy uncertainty over time, which further justifies the importance of the
indices introduced in this paper.
Thus, in this research note, we gathered 726.9 million news stories from the LexisNexis database
spanning January 2014 to January 2021. We designed the UCRY index, which shows the contributions that the UCRY Policy and the UCRY Price indices have made to historical decomposition of
the index around key events in cryptocurrency space. This has been compared with other popular
uncertainty measures as well as gold and Bitcoin price uncertainties.
The remainder of this paper is organised as follows, section 2 describes the data and methodology
used to construct the indices, while section 3 presents the empirical results, and section 4 concludes
and discusses the implications of this study.
2. Data and methodology
2.1. Data collection
We build our index on the construct found in Baker et al. [2016], using the material found in
the LexisNexis Business Database as our corpus of literature. This covers a very wide variety of
newspapers and news-wire feeds. Notably, this is unlike most previous measures, which have relied
almost solely on major newspapers (see for example Rice [2020]). The rationale for using a greater
range of sources, including but not limited to news-wire feeds and media news transcripts, was to
acknowledge the "social" aspect of cryptocurrencies. As new phenomena, these currencies have
become subject to extensive discussion via not just traditional media, but alternative and social
media. See as examples papers such as Phillips and Gorse [2017], Subramaniam and Chakraborty
[2020] for discussion of social and general media.
We therefore ran the following queries on LexisNexis business. [ (uncertain or uncertainty) and
price and atl1(Bitcoin or Ethereum or ripple or litecoin or tether or cryptocurrency or cryptocurrencies) and atl1(regulator or regulators or central bank or government)] was the text search string
used to ascertain uncertainty around policy issues, while [ (uncertain or uncertainty) and price and
atl1(Bitcoin or Ethereum or ripple or litecoin or tether or cryptocurrency or cryptocurrencies) ]
was used to gather results on uncertainty more broadly.
In addition, we set the option for Group Duplicate to MODERATE so as to avoid duplicate
results as much as possible. The queries were performed for each month from January 2014 to
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January 2021 1 .

2.2. UCRY index construction
The Cryptocurrency Policy Uncertainty Index is calculated as in Equation 1,
U CRY P olicyt = (

N1t − µ1
) + 100,
σ1

(1)

where U CRY P olicyt is the value of the Cryptocurrency Policy Uncertainty Index in the weeks t
between December 2013 and February 2021. N1t is the weekly observed value of news articles on
LexisNexis business concerning the uncertainty of cryptocurrency policy, µ1 is the mean of these
same articles and σ1 is the standard deviation of such.
The Cryptocurrency Price Uncertainty Index is calculated as in Equation 2
U CRY P ricet = (

N2t − µ2
) + 100,
σ2

(2)

where U CRY P ricet is the value of the Cryptocurrency Price Uncertainty Index in the weeks t between December 2013 and February 2021. N2t is the weekly observed value of LexisNexis business
news articles concerning the uncertainty of cryptocurrency price news articles, µ2 is the mean of
these and σ2 is the standard deviation of such.
The UCRY Policy Index, the Global EPU index, the Vix, the price of Bitcoin, the USFS index
of US financial system stress, the USEPU, the gold, and the UCRY Price Index were select as the
system variables, as justified in the Introduction section. Each series was identified and recorded
in Table 4. We ordered variables as indicated by Equation 3.
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values can be downloaded
cryptocurrency-uncertainty-index-dataset/

from

here
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(3)

https://brianmlucey.wordpress.com/2021/03/16/

UCRY Policy Index was ordered first because we believe that GlobalEPU, Vix, Bitcoin, USFS,
USEPU and the gold can react contemporaneously to uncertainty shocks. Due to the fact that
other indexes are generally react faster than UCRY Price Index, the UCRY Price Index was ordered
last.
2.3. Econometric model
The main use of Vector Autoregression (VAR) models are forecasting and structural analysis
Lütkepohl [2005]. The standard VAR is a reduced form model and is designed for stationary data
forms. If economic theory is used to provide the link between forecast errors and fundamental
structural shocks, the Structural Vector Autoregression (SVAR) model will be used. The Vector
Error Correction Model (VECM) adds error correction features to the VAR. VECM is designed
for the non-stationary but co-integrated forms of variables. It is also possible to apply the SVAR
technique to VECM with cointegrated variables, named SVECM.
Firstly, a stationarity test was performed on the data, in this case the Augment Dickey-Fuller
(ADF) test was applied. Table 1 shows that the p-value of each variable was more significant
than 0.05. These evidences that there are unit roots in all variables and that all variables are
nonstationary.
Secondly, if we can further prove the forms of our variables are cointegrated, we can use the
SVECM. We therefore applied the Johansen test. The optimal lags calculation results are shown
in Table 2. The Akaike information criterion, Hannan - Quinn information criterion, Schwartz
information criterion, and prediction error information all suggest four as the optimal lag. From
Table 3, r = 0, tested for the presence of cointegration. Since the tested statistic exceeded the
1% level significantly (215.11 > 177.20), we have strong evidence that our variables forms are
cointegrated.
Guided by the above analysis, we applied a SVECM with identification based on a Cholesky
recursive assumption to a VECM to trace the effects of different economic shocks in a system of
variables. Historical decomposition is a tool used for the SVECM analysis, and allows for the
gathering of information on the contribution of structural shocks to a system of variables can get
from a historical decomposition. In order to explore the quantitative contribution of UCRY Policy
and UCRY Price shocks to the dynamics of the system variables mentioned in Yt Equation 3, we
will performed historical decomposition.
VECM can be expressed as Equation 4
0

∆yt = αβ yt−1 + Γ1 ∆yt−1 + · · · + Γp−1 ∆yt−p+1 + Ξ+ Dt + ut ,

(4)

where yt is a K ×1 dimensional vector of variables observed at time t. The decomposed cointegrated
0

0

models αβ has reduced rank r = rk(αβ ) < K. Additionally, α is a K × r matrix containing the
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loading coefficients, β is also a K×r matrix containing the co-integrated vectors. Γj is a K×K shortrun coefficient matrix with j = 1, · · · , p − 1. ut is a k-dimensional unobservable zero mean vector
white noise process, and has covariance matrix Σu . ut also denotes the reduced form disturbance.
Dt is a vector of deterministic terms, and Ξ+ is the coefficient matrices corresponded with Dt .
In this way, structural shocks on the system variables yt based on the VECM can be calculated
as Equation 5
Ā0 yt = Ā1 yt−1 + · · · + Āp yt−p + Ξ̄Dt + εt ,

(5)

where εt is a K × 1 dimensional vector white noise process with covariance matrix Σε , which also
means structural shocks. A1 , A2 , · · · , Ap−1 , Ap are K × K coefficient matrices. Premultiplying the
Equation 5 by Ā−1
can link the reduced form disturbance (forecast errors) ut to the underlying
0
structural shocks εt .
Based on the prior ordering in the SVECM Cholesky decomposition, the relationship between
reduced form residuals and structural shocks are show in Equation 6,
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(6)

where, ut denotes the reduced form disturbances (forecast errors) at time t. εt denotes the structural
shocks at time t.
In doing so, we can trace the driving factors of movement in UCRY Policy and UCRY Price. It
also enables us to determine UCRY Policy and UCRY Price shocks in our VECM are reflective of
uncertainty. The information contained in the historical decomposition could also show the extent
to which events are driving shocks to UCRY Policy and UCRY Price.
3. Results
Figure 1 shows the weekly values for the derived Policy and Price uncertainty indices based on
726.9 million total news articles collected for the period spanning 2013-2021, and Figure 2 shows
the rolling 26-week correlation. We annotated the weekly policy index in Figure 3, highlighting
major changes as they map to events in the crypto and related economic spaces.
The historical decomposition of the UCRY Index is shown in Figure 4. The contribution of
UCRY Policy shocks to the historical decomposition of the UCRY Index is given in light blue,
7

while contribution to the UCRY Price is in orange. These shocks match the expectations of the
public to a certain extent. For example, the Brexit vote, Donald Trump winning the 2016 United
States presidential election, China banning ICOs, the BTC bubble, DeFi take off and other events
have been shown to have positively impacted the UCRY Policy and Price uncertainty Indices.
Figure 4 also displays some of the largest hacking attacks of cryptocurrency exchanges, such as
attacks on Bitfinex, MintPal, Crispy, and Dao exchanges. These occurred from April 2014 to
December 2020, and we have shown that the UCRY Price and UCRY Policy Indices reacted to
these events. Fiscal policy adjustments contributed to the small shifts in the UCRY Policy, however,
the significance of these events may increase in the future. The decomposition also displayed that
UCRY Indices captured uncertainty that could be more distinctively attributed to the major events
in cryptocurrencies in comparison to VIX, EPU and Global EPU index. While the price of Bitcoin,
the UCRY Policy and the UCRY Price are highly correlated, these indices appear to capture
uncertainty beyond Bitcoin prices as shown by the decomposition. Finally, the COVID-19 crisis
increased both the UCRY Policy and Price uncertainty Indices, therefore this UCRY Index can be
used as an effective measure of uncertainty during the pandemic.
4. Conclusions
We have developed a new measure of price and policy uncertainty in cryptocurrency markets.
Using 726.9 million news articles from the Lexis Nexis database, we constructed a new Cryptocurrency Uncertainty Index that reflects policy (UCRY Policy) and price uncertainty (UCRY Price)
around major cryptocurrencies. This paper provided the historical decomposition of the UCRY
Index with major events from 2014 to 2020, such as the COVID-19 crisis, cyberattacks on cryptocurrency exchanges and political elections. Compared to other similar indices it is narrowly range
bound, suggesting that while such uncertainty exists, it is not volatile. Nonetheless it does show
distinct movements around high profile events in the cryptocurrency space. Our findings suggest
that this index can be useful for future research on the uncertainty of cryptocurrency, portfolio
diversification, and contagion effect. Additionally, it can have various practical and policy-based
implications for measuring the risk stemming from cryptocurrency markets.
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Table 1: ADF stationarity test

Variable

Dickey-Fuller

Lag order

p-value

UCRY Policy

-2.101

4

0.5345

GlobalEPU

-2.7013

4

0.2881

Vix

-2.4564

4

0.3886

Bitcoin

-0.43866

4

0.9824

USFS

-3.252

4

0.08493

USEPU

-3.0587

4

0.1414

Gold

-1.1167

4

0.9146

UCRY Price

-1.6002

4

0.74

Table 2: The optimal lags

AIC(n)

HQ(n)

SC(n)

FPE(n)

4

4

4

4

Table 3: Johansen test statistic and critical values

test

10pct

5pct

1pct

r <= 7

3.83

7.52

9.24

12.97

r <= 6

10.58

17.85

19.96

24.60

r <= 5

22.99

32.00

34.91

41.07

r <= 4

40.32

49.65

53.12

60.16

r <= 3

66.04

71.86

76.07

84.45

r <= 2

97.06

97.18

102.14

111.01

r <= 1

149.28

126.58

131.70

143.09

r=0

215.11

159.48

165.58

177.20

Notes: Johansen trace statistic, lags = 4
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Figure 1: Price and policy uncertainty indices

Figure 2: Indices and correlation
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Figure 3: Annotated indices

Figure 4: UCRY index historical decomposition with major events
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Figure 5: News trend
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Appendix B - Tables
Table 4: Descriptive statistics
Variables

Count

Minimum

Maximum

Mean

Median

Variance

Stdev

Skewness

UCRY Policy

85

99.1009

104.3415

99.9755

99.759

0.714393

0.8452

2.5765

Kurtosis
8.4451

GlobalEPU

85

86.17

429.43

192.9751

168.95

6261.7856

79.1314

0.7316

-0.2937

Vix

85

9.5100

53.54

17.4523

15.08

55.420802

7.4445

2.2090

6.1422

Bitcoin

85

2.296700e+02

3.464109e+04

4.997788e+03

2.886710e+03

3.726869e+07

6.104809e+03

2.225124e+00

7.073033e+00

USFS

85

100.05

102.13

100.5342

100.52

0.1025

0.320221

1.7517

6.5731

USEPU

85

29.32.

557.19

119.4641

94.57

9742.6910

98.7050

2.4928

6.9873

Gold

85

1061.10

1975.86

1344.3094

1283.53

45934.2393

214.3228

1.48994

1.4250

UCRY Price

85

99.091

104.8057

99.9766

99.7759

0.737670

0.8589

2.7865

10.8790

Table 5: Pearson correlation
UCRY Policy

GlobalEPU

Vix

Bitcoin

USFS

USEPU

Gold

UCRY Policy

1.0000

GlobalEPU

0.3886

1.0000

Vix

0.3107

0.5257

1.0000

Bitcoin

0.8299

0.5910

0.3879

1.0000

USFS

0.0203

-0.0464

0.1167

-0.0564

1.0000

USEPU

0.3287

0.7398

0.6682

0.4282

0.3192

1.0000

Gold

0.4691

0.7417

0.5717

0.7441

-0.0237

0.6387

1.0000

UCRY Price

0.9894

0.3994

0.3230

0.8589

0.0156

0.3198

0.4902

15

UCRY Price

1.0000

16

UCRY Policy
NA
NA
NA
NA
-0.10402476
-0.01999937
-0.04982174
-0.31771865
-0.14465418
-0.22834335
-0.59551227
-0.57804392
-0.40675110
-0.25134052
-0.02599374
-0.02365878
-0.41229032
-0.30374573
-0.22361433
0.13322273
0.03880447
0.01975367
0.07486613
-0.56921032

Notes: Lags = 4

2014-01-01
2014-02-01
2014-03-01
2014-04-01
2014-05-01
2014-06-01
2014-07-01
2014-08-01
2014-09-01
2014-10-01
2014-11-01
2014-12-01
2015-01-01
2015-02-01
2015-03-01
2015-04-01
2015-05-01
2015-06-01
2015-07-01
2015-08-01
2015-09-01
2015-10-01
2015-11-01
2015-12-01

GlobalEPU
NA
NA
NA
NA
0.000000000
-0.041680891
-0.068101891
-0.036741479
0.021133618
-0.105431110
-0.073670261
0.073201542
0.061943456
0.070997466
0.195238014
0.139982086
0.156753978
0.083475433
-0.021938747
-0.007478883
-0.019261504
0.040429230
0.230198759
0.557919682

Vix
NA
NA
NA
NA
0.0000000000
-0.0087783093
0.0323098243
0.0599924512
-0.2427652316
-0.0060768447
0.1159334471
0.0501642318
0.2311611091
0.2185223677
-0.0490178679
0.0874302172
0.1243731546
0.0002910551
-0.0256910325
-0.3185457513
-0.0123505154
-0.3035398833
-0.6449739800
-0.3210335362

Bitcoin
NA
NA
NA
NA
0.000000000
0.006873933
-0.049009508
-0.019954724
0.127245706
0.117491588
0.039751049
-0.098723764
-0.005557091
0.186359708
0.187473154
0.233070853
0.145468381
0.057866233
0.053123666
0.051033667
0.032851183
0.111663183
0.047487459
-0.074327954

USFS
NA
NA
NA
NA
0.000000000
0.003777310
-0.027061577
-0.086694660
-0.077533863
-0.069744896
-0.095409561
-0.048456466
0.042881299
0.050466252
0.188712450
0.146309129
0.049935032
0.016365204
0.039099182
0.037410502
-0.008198933
0.085791225
0.154931979
0.219522421

USEPU
NA
NA
NA
NA
0.0000000000
-0.0146713300
-0.0226335059
0.0562439747
0.1387246526
0.1305078656
0.1611467785
0.1505338084
-0.0210240801
-0.0947933462
-0.2924616641
-0.1260693114
-0.1156198339
-0.0011528234
0.2013721443
0.1355757977
0.1297719625
0.0467972840
0.1662118351
0.2462712305

Gold
NA
NA
NA
NA
0.000000000
-0.001564298
0.053081055
-0.110892636
-0.197081203
-0.071581531
0.055779547
0.353261289
0.417691896
0.089792782
-0.228762154
-0.441218119
-0.170720798
0.053478161
0.241150306
0.394024902
0.469859977
0.394812514
0.149961139
-0.045532591

Table 6: Historical decomposition of UCRY index results 1 (2014-01-01 To 2015-12-01)

UCRY Price
NA
NA
NA
NA
0.0000000000
-0.0009801533
-0.0071868416
-0.0138661835
-0.0045186074
-0.0040496262
-0.0328919163
-0.1110214840
-0.1432414543
-0.1351846689
-0.1154327195
-0.1103498853
-0.0838525175
-0.0408072534
-0.0919366520
-0.1358569900
-0.1235243286
-0.0540718706
-0.0184365599
-0.0129938249
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UCRY Policy
-0.16731316
-0.21287727
0.08203874
0.71579845
0.61538202
1.48837545
1.14629962
0.84104897
0.78405704
0.61667297
0.51553373
0.54226072
0.71415146
0.60057857
0.68023485
0.42075152
0.41642663
0.23335718
0.05673811
-0.25192552
0.03033868
-0.06621620
0.23719023
1.05967138

Notes: Lags = 4

2016-01-01
2016-02-01
2016-03-01
2016-04-01
2016-05-01
2016-06-01
2016-07-01
2016-08-01
2016-09-01
2016-10-01
2016-11-01
2016-12-01
2017-01-01
2017-02-01
2017-03-01
2017-04-01
2017-05-01
2017-06-01
2017-07-01
2017-08-01
2017-09-01
2017-10-01
2017-11-01
2017-12-01

GlobalEPU
0.703779838
0.539625857
0.327042221
0.073830209
-0.160952779
-0.182440138
-0.542785788
-0.876112562
-0.571612987
-0.088898749
0.263767292
0.130012143
-0.244016739
-0.505602577
-0.743978668
-1.116317501
-1.217573515
-0.946593444
-0.376003020
0.081291641
0.458020625
0.441034527
0.257060497
0.131626295

Vix
-0.1046028683
-0.0564546110
-0.1307217575
-0.2813151003
0.1202778470
0.2278906526
0.3250959845
0.2699274654
0.1285538608
-0.0526093270
0.0243161356
0.0623411836
0.3613254732
0.4317196874
0.4256111703
0.2444848378
0.1547559947
0.0820251599
0.0037297722
-0.0264136871
-0.0803250680
-0.0308330741
0.1392316058
0.3960657398

Bitcoin
0.038956699
-0.049223474
0.051985123
0.100001500
-0.020142397
-0.101996489
-0.321875517
-0.115144868
-0.014085888
-0.062985898
-0.235167790
-0.349708339
-0.291688440
-0.613245754
-0.664899879
-0.514504175
-0.206291341
0.136814988
0.138121964
-0.068502326
-0.200272183
-0.446208786
-0.238241300
0.204166290

USFS
0.152846624
0.154330717
0.115257099
-0.088058928
-0.180461651
-0.089476906
-0.057355610
0.034165767
0.011033903
0.032573006
-0.020129262
-0.028673937
-0.125742514
-0.078862221
-0.127474675
-0.105676629
-0.236403689
-0.219573643
-0.296063660
-0.267013967
-0.220358286
-0.259189903
-0.198926833
-0.279742279

USEPU
0.1715096632
0.1053194751
-0.0544491208
-0.0744901352
-0.1100733452
-0.0510833418
-0.0127916739
-0.0924197896
-0.0925376469
-0.1851189592
-0.0847661423
-0.1068270040
-0.1593112958
-0.0798516001
-0.1628635832
-0.0542157117
0.0344090316
-0.0964231013
-0.2498564315
-0.2789791350
-0.1766794478
0.0294886050
0.0083509033
-0.0373189687

Gold
-0.164851036
-0.029764901
0.078495848
-0.091826217
-0.007287772
0.024715291
0.143364903
0.138446381
-0.142013435
-0.281347487
-0.469564278
-0.628559580
-0.315141120
0.044469925
0.245147751
0.248898840
0.192088160
-0.022478936
-0.269882388
-0.257509363
-0.102680956
-0.142184888
-0.070843734
0.131823459

Table 7: Historical decomposition of UCRY index results 2 (2016-01-01 To 2017-12-01)

UCRY Price
0.0073626427
0.0397691454
0.1033591367
0.1480155619
0.1899703880
0.1489620054
0.0725526159
0.0200144310
0.0614034354
0.1262794590
0.1919534562
0.2667941502
0.2484425944
0.1521580442
0.0864609781
0.0988890691
0.1787672619
0.2236224196
0.2212449683
0.1461065374
0.0391875696
-0.0701464151
-0.0700648379
0.0543724535
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UCRY Policy
0.13936295
0.04560749
-0.56169722
-0.87314171
-1.08283671
-1.05818835
-0.68728574
-1.32905043
-1.71061988
-1.71261249
-1.31038872
-1.13935360
-0.57374726
-0.45820001
-0.80010244
-0.56385539
-0.62594377
-0.68441447
-0.90061599
-0.50355018
-0.14691349
0.24492768
0.34328635
0.63872333

Notes: Lags = 4

2018-01-01
2018-02-01
2018-03-01
2018-04-01
2018-05-01
2018-06-01
2018-07-01
2018-08-01
2018-09-01
2018-10-01
2018-11-01
2018-12-01
2019-01-01
2019-02-01
2019-03-01
2019-04-01
2019-05-01
2019-06-01
2019-07-01
2019-08-01
2019-09-01
2019-10-01
2019-11-01
2019-12-01

GlobalEPU
-0.073609720
-0.093633503
-0.022592864
0.211082372
0.328701367
0.558351933
0.812158253
0.733440627
0.694090654
0.520064250
0.373243007
0.369345628
0.193288751
0.300372134
0.571241700
0.692935294
0.827521524
0.951097315
0.457697190
-0.090946132
-0.434362628
-0.700673284
-0.677520408
-0.640504921

Vix
0.6118938725
0.5256242599
0.4016892081
0.2873395010
-0.0399622790
-0.4099032444
-0.7887009771
-0.8837649563
-0.6485506606
-0.6052597645
-0.2798708583
-0.4256966908
-0.4048898804
-0.6828313616
-0.8487418776
-0.7052985839
-0.6440571321
-0.7262511028
-0.6828360430
-0.2727345192
0.2417491204
0.4808364848
0.5681644953
0.4182092695

Bitcoin
0.529814788
0.205748501
0.137311270
0.169078979
0.307000737
0.360687233
-0.081237887
0.154768538
0.345742009
0.365976383
0.609594113
0.200981582
0.221221480
0.315494454
0.227720814
0.191388213
-0.094344508
0.111038412
0.544230858
0.369117017
0.178494201
0.006213433
0.140757280
0.065933039

USFS
-0.376837374
-0.391840243
-0.186782466
-0.075242339
-0.006753596
0.159277170
0.225210982
0.195878137
0.183310788
0.150955430
0.274527655
0.403621259
0.464342154
0.536964134
0.629501750
0.590387547
0.547109969
0.555784336
0.451397319
0.352184256
0.361528773
0.425854241
0.381538334
0.358637833

USEPU
0.0514498952
-0.0358607436
-0.0247762379
-0.0541678085
0.0004119471
0.0509188495
0.0510216942
0.0885015943
-0.0045073372
-0.0005864871
-0.1143200462
-0.0257921246
0.0807709055
0.0574205312
0.1596836206
0.1091373155
0.1588929440
0.1464929659
0.1153358244
0.1809337546
0.1291989687
0.0871479677
-0.0973435699
-0.1296625730

Gold
0.075609001
-0.004039436
-0.180752014
-0.347400206
-0.302175329
-0.254158172
-0.160061993
-0.072298158
0.117711970
0.274747577
0.231438056
0.231501193
0.041580253
-0.130339604
-0.254763247
-0.190090609
0.111662573
0.335340909
0.543652624
0.381698000
-0.020551518
-0.256029892
-0.398692703
-0.133263680

Table 8: Historical decomposition of UCRY index results 3 (2018-01-01 To 2019-12-01)

UCRY Price
0.1815271834
0.2007949021
0.0891074380
-0.0646530707
-0.2281089486
-0.2871663705
-0.2404416566
-0.1057205845
0.0072733586
0.0310535301
-0.0470319541
-0.1381926349
-0.2563049224
-0.3622369265
-0.3555311080
-0.2406442657
-0.1884866928
-0.2071609444
-0.1953233721
-0.1430495862
-0.1130201185
-0.0712271106
-0.1026940439
-0.1791012831
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UCRY Policy
0.44580473
0.26116095
0.29780442
0.72532173
0.90554992
1.34415629
1.71164162
1.93457320
1.58359491
1.37291957
1.94359573
1.86924221
2.25698664

Notes: Lags = 4

2020-01-01
2020-02-01
2020-03-01
2020-04-01
2020-05-01
2020-06-01
2020-07-01
2020-08-01
2020-09-01
2020-10-01
2020-11-01
2020-12-01
2021-01-01

GlobalEPU
-0.487289259
-0.136234915
0.081187007
-0.059076939
-0.349222977
-0.729153084
-1.145845071
-1.257690455
-1.199749141
-1.081506567
-0.775991091
-0.625354105
-0.270919716

Vix
0.5143564145
0.5886335179
0.8348785647
0.5564711992
0.1184707181
0.0766115501
0.1990492548
0.3221010633
0.3016195610
0.3099407974
0.4754849735
0.4797052707
1.0764566164

Bitcoin
-0.268997848
-0.058774238
-0.030158111
-0.149904357
-0.350795694
-0.607456902
-0.686832339
-0.649845207
-0.651897772
-0.734709162
-0.583113168
-0.519267098
-0.230167768

USFS
0.201415867
0.057110243
-0.096135083
-0.145899526
-0.372763613
-0.573436933
-0.328320104
-0.582691857
-0.691887256
-0.791624760
-0.663836983
-0.725707678
-0.837561024

USEPU
-0.0776259519
0.0594877770
0.1708107756
0.1103487205
0.0599033111
-0.0010123107
-0.0017097290
-0.0390430239
0.0179793176
-0.0074050405
0.1241973614
0.1405270696
0.1001535373

Gold
0.068380230
0.101566814
-0.042108151
-0.152212471
0.058582812
0.127151715
0.145816619
0.014735636
-0.193325222
-0.184423733
-0.051257187
0.071385141
0.285592318

Table 9: Historical decomposition of UCRY index results 4 (2020-01-01 To 2021-01-01)

UCRY Price
-0.1910786127
-0.1174770262
0.0003150036
0.1344524045
0.2119281283
0.1995155918
0.1466861724
0.1121150073
0.1194738306
0.1614596802
0.2378443049
0.3389432918
0.3828365149

