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In this paper, we employ the multifractal detrended cross-correlation analysis (MF-DCCA) as the measurement instrument for
the dynamic cross-correlation inspection between US economic policy uncertainty (EPU) index and US dollar exchange rate
return (Ret). By calculating the cross-correlation statistics, we find mild acceptance of cross-correlation between EPU and Ret
qualitatively. With further application of ME-DCCA methodology, we find strong power law cross-correlation existence within all
scaling orders. Also, apparent persistence of cross-correlation has been discovered with significant Hurst exponents of all orders.
Besides, we find that long-term cross-correlation demonstrates more persistence and higher degree of multifractality than those in
the short term. Finally, we utilize the rolling window and binominal measurement analysis as revisits of the model. The results are

consistent with model statements.

1. Introduction

It is well documented that macro factors demonstrate
powerful influence in pricing financial assets, such as stocks
and bonds [1-3]. However, few studies concentrate on the
exchange market. Also, to have a better observation of
economic policy fluctuation in a quantitative way, Baker
et al. [4] develop the novel economic policy uncertainty
index with the retrieval of mainstream newspapers, which is
widely employed in the financial academic field [5-22]. With
this view, we connect the prevailing economic policy un-
certainty index with US dollar, the world’s largest trading
currency, to check if US macro policy adjustment would
shed light on the fluctuation of US dollar exchange rate. Due
to the introduction of Fractal Market Hypothesis (FMH)
suggested by Mandelbrot and Van Ness [23], many re-
searchers are inclined to employ fractal analysis method-
ology, such as multifractal detrended cross-correlation
analysis (MF-DCCA), as the statistical instrument for the
fractal characteristics discovery between nonstationary

financial time series [24-32]. Zhang et al. [25] carried out a
study regarding the correlation between media news and
stock market index return with MF-DCCA approach. They
found quantitative evidence for the cross-correlation mul-
tifractality existence between media news and SSE 50 index
return. They further conducted the rolling window analysis,
and the results show that scaling exponents are all above
critical values, showing strong evidence of multifractality
persistence between media news and index return. Zhou
et al. [28] took an information content investigation of fi-
nancial derivatives in China market. With ME-DCCA ap-
proach, they found that put-call ratio demonstrates
antipersistent cross-correlation with 50 ETF return.
Meanwhile, for the option-to-stock volume ratio, no sig-
nificant cross-correlation was detected.

In this study, we employ the economic policy un-
certainty index, constructed through semantic analysis
techniques with hundreds of mainstream newspapers, as
the representative of national economic policy fluctua-
tion. Many prior studies have confirmed the applicability
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of the economic policy uncertainty index and MF-DCCA
approach [5-22, 24-32]. With this view, we utilize the
MEF-DCCA as a vehicle to check the existence of multi-
fractal cross-correlation between US economic policy
uncertainty index and US dollar exchange rate index
return. We calculate the fluctuation function and find
widespread power law cross-correlation existence.
Moreover, the cross-correlations between series demon-
strate strong persistence with significant exponents of all
scaling orders. In addition, we calculate the time turning
point and break the whole-time length into short-term
and long-term periods. We find that long-term cross-
correlation performs much better in persistence and
multifractality compared with those in the short term. In
the end, we revisit the MF-DCCA model with the rolling
window and binominal measurement analysis. The results
confirm series multifractality with the qualified exponents
and close distances between arithmetic average and cross-
correlation exponents.

Our study contributes to the existing literature from
three perspectives. First, we utilize the novel US economic
policy uncertainty index as the measurement for the US
economic policy fluctuation and concatenate it with the
US dollar exchange rate index with MF-DCCA method-
ology. Particularly, we find strong power law cross-cor-
relation existence between US economic policy
fluctuation and US dollar exchange rate return within all
scaling orders. Also, the cross-correlations demonstrate
reliable persistence with significant exponents. With this
view, our empirical findings were consistent with the fi-
nancial studies associated with MF-DCCA [24-32]. Sec-
ond, our study originates from the exchange market
perspective, providing deeper insight into the evolution
dynamics of the US dollar exchange rate. Third, as the
world’s largest trading currency, our findings would
provide valuable suggestions for investor’s risk manage-
ment in the US dollar exchange market by hedging with
economic fluctuation.

The rest of this paper is organized as follows: Section 2
describes the data. Section 3 illustrates the multifractal cross-
correlation methodology. Section 4 demonstrates the em-
pirical results. Section 5 concludes the paper.

2. Literature Review

In this study, we investigate whether multifractal cross-
correlation between economic policy uncertainty and US
dollar index exists with the application of multifractal
detrended cross-correlation analysis (MF-DCCA). With
this view, we develop the review from the impact of
economic policy uncertainty on asset pricing and the
application of MF-DCCA in financial time series
perspectives.

2.1. Economic Policy Uncertainty. Many studies have
revealed that macro factors, such as changes in economic
policies, present significant power in pricing financial assets.
Bhamra et al. [3] and Chen [2] provided theoretical models
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embedded with economic uncertainty to answer the credit
spread puzzles. However, to have a general measurement of
economic policy uncertainty in a quantitative way, Baker
et al. [4] constructed a novel index of economic policy
uncertainty based on the analysis of newspaper coverage
frequency, which is widely employed by financial re-
searchers. Lee et al. [5] connected the China economic policy
uncertainty index with US household portfolio changes.
They found that US household would decrease stock
holdings with increasing China economic policy uncer-
tainty, especially for the states with more exports to China.
Attig et al. [6] studied the relation between economic policy
uncertainty index and company dividend payout policy
internationally. The empirical findings suggest that corpo-
rate executives prefer to distribute more dividends to
shareholders in the higher EPU times. Yang et al. [14] in-
vestigated whether economic policy uncertainty index holds
prediction for the excess return. They found that the greater
dispersion of economic policy uncertainty index would
result in a higher rate of excess return in China’s stock
market. Hsieh and Nguyen [11] carried out a study on
economic policy uncertainty index and illiquidity return
premium. They found that the premium between illiquidity
and liquidity portfolios would be larger when the economic
policy uncertainty index begins to have an upward trend.

2.2. Multifractal Detrended Cross-Correlation Analysis.
Extensive studies contribute to methodology development
of nonstationary time series analysis. Kantelhardt et al. [33]
proposed multifractal detrended fluctuation analysis (MF-
DFA) for the examination of nonstationary time series,
extending prior detrended fluctuation analysis (DFA)
proposed by Peng et al. [34, 35]. Podobnik and Stanley [36]
put forward detrended cross-correlation analysis (DCCA)
enabling cross-correlation investigation between two
nonstationary time series. However, detrended cross-cor-
relation analysis is from the single fractal perspective,
resulting in potential information loss of the time series. To
have deeper insight into two nonstationary time series,
Zhou [37] advanced the prevailing multifractal detrended
cross-correlation analysis (MF-DCCA) by combining MEF-
DFA with DCCA. Ruan et al. [24] studied the multifractal
characters among China’s agricultural futures returns.
They found credible multifractality existences among
soybean, soymeal, and soyoil futures returns. Cai et al. [29]
studied the cross-correlations between crude oil price and
implied volatility indices. They found that the cross-cor-
relation multifractalities are ubiquitous between series.
Alaoui et al. [30] studied the cross-correlation
between Bitcoin price and volume. With the application of
MEF-DCCA, they found adequate evidence supporting the
cross-correlation multifractality between Bitcoin price and
volume. Wang et al. [31] examined the cross-correlation
between crude oil and agriculture futures under the shock
of COVID-19. They found that the persistence between
series is greatly enhanced after the involvement of COVID-
19 and the cross-correlation between crude oil and sugar
future presents strongest multifractality.
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3. Data Description

We obtain the daily data of US EPU index by downloading it
directly from the website (http://www.policyuncertainty.
com/us_monthly.html). US daily EPU index is based on
the article archives from Access World News NewsBank
service. The Access World News NewsBank database con-
tains over 1000 newspapers from widely known to small
local newspapers across US. The measure for this index is the
number of articles that contain at least one term from each of
3 sets of terms. The first set is economic or economy. The
second is uncertain or uncertainty. The third set is legislation
or deficit or regulation or congress or federal reserve or
white house. We derive US dollar index as proxy for US
foreign exchange market from Yahoo Finance. The sample
periods of US daily EPU index and US dollar index are from
1 January 1985 to 8 October 2020.

In addition, we employ two log values as proxies for the
cross-correlation inspection between EPU and US dollar
index. The calculation processes are as follows:

Ret, = ln(£>,
P (1)

EPU, =In(epu,),

where P, is the closing price of US dollar exchange rate at day
t and EPU, is the daily value of EPU index. Table 1 reports
the descriptive statistics of EPU index and US dollar ex-
change rate return. As we can see in Table 1, the means of Ret
and EPU (0.00 and 4.39) are smaller than the medians (0.00
and 4.40), showing a left-skew character, which is consistent
with negative numbers of skewness (—0.08 and —0.13). For
the kurtosis, the two series demonstrate sharp peak char-
acteristics with values greater than 3 (5.22 and 3.39). In
addition, we calculate the Jarque-Bera coeflicients within
each series to check the normality existence. We can find
that both series present strong rejections of the normal
distributions with coeflicients significant at 1% levels
(1878.42*** and 83.08***). Also, the standard deviation of
EPU (0.68) is much larger than that of Ret (0.01), indicating
a higher level of volatility.

4. Methodology

In this section, we employ the prevailing MF-DCCA ap-
proach to check whether multifractality exists between the
US dollar exchange rate and US economic policy uncer-
tainty. We first utilize the methodology proposed by
Podobnik and Stanley [36] to have a qualitative cross-cor-
relation examination between series. Second, we apply the
MF-DCCA approach to check if the correlations hold
multifractality with the changes of scaling parameters.

4.1. Cross-Correlation Test. Before the MF-DCCA inspec-
tion, we employ a cross-correlation statistics proposed by
Podobnik and Stanley [36] to have a qualitative cross-cor-
relation check between US dollar exchange rate return and
US economic policy uncertainty index. The cross-correlation

3
TaBLE 1: Descriptive statistics of Ret and EPU.

Variable Ret EPU
Mean 0.00 4.39
Median 0.00 4.40
Standard deviation 0.01 0.68
Max 0.03 6.69
Min -0.04 1.20
Skewness —-0.08 -0.13
Kurtosis 5.22 3.39
Jarque-Bera 1878.42%** 83.08""*
N 9129 9129

The Ret and EPU terms are short for the daily US dollar exchange rate
return and the US economic policy uncertainty index. N refers to the
number of observations. ***Statistical significance at 1% level.

statistics is constructed through two steps. Firstly, we need to
have a cross-correlation indicator. The indicator C; is created
as follows:

C = Zzlm X Yk-i 2)
\/ZIICV:I xlzc ZkN:1 )’i

where {x,} and {y,} are the two time series with equal
lengths of N.

Secondly, we calculate the cross-correlation statistics
with the involvement of prior indicator C,. The statistics
construction process is as shown in the following
equation:

25 G
Q. (m) =N ;ﬁ’ (3)

where C; is the cross-correlation indicator, N is the
number of observations, and m works as the degree of
freedom. The cross-correlation statistics Q. (m) follow
the y*(m) distribution with m degrees of freedom. The
null hypothesis of the cross-correlation test proposed by
Podobnik and Stanley [36] states that the cross-corre-
lation indicator C; demonstrates no significant difference
from zero. With this view, we compare the cross-cor-
relation statistics Q.. (m) and chi-square critical value
x* (m) with m degrees of freedom to see whether the value
of the cross-correlation statistics Q.. (m) is greater than
that of the chi-square critical value y* (m). If so, the null
hypothesis would be rejected and a reliable cross-cor-
relation between two time series can be confirmed in a
statistical way.

4.2. MF-DCCA. Zhou [37] proposed the multifractal cross-
correlation analysis (MF-DCCA) for the cross-correlation
inspection between time series, which is widely employed in
the academic field. With this view, we employ the prevailing
MEF-DCCA methodology as a vehicle to check if the mul-
tifractal cross-correlation exists between the return of US
dollar exchange rate and US economic policy uncertainty
index. The MF-DCCA approach is derived from the
detrended fluctuation analysis. The five detailed construc-
tion steps are as follows.


http://www.policyuncertainty.com/us_monthly.html
http://www.policyuncertainty.com/us_monthly.html

Step 1. We have two equal-length time series {x;} and {y;}
as the indicators of the US dollar exchange rate return and
US economic policy uncertainty index, where k is from 1 to
N. N denotes the number of the total observations. After-
wards, two other detrended profiles X (i) and Y (i) are
created by original time series {x;} and {y,}, where i is from
1 to N, respectively. The detailed calculation process is as

follows:
X (@)= Z (% — %),
kjl (4)

Y@ =Y (n-7)

k=1

where X and y are arithmetic average values of the time
series {x;} and {y,}. With this view, it is easy to find that X
(N)=Y (N)=0.
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N, = int<ﬁ>, (5)
s
where N refers to the number of total observations. “int” is
the symbol of integer function, which accounts for the
collection of the maximum integer toward the real number.
In addition, the total number N sometimes cannot be di-
vided completely by scale s without any remainder. This
would generate a short part segment ignorance at the end of
each profile. To maximize the value of the entire series, we
regenerate N, segments from the end to the top of the profile.
As a result, each profile holds two N, segments after this
procedure.

Step 3. To acquire the local trend of each of the two Nj
segments, we perform a polynomial fitness check with each
segment. As a result, the variance of each segment v is
constructed as follows:

- ; 2 :
Step 2. We further divide two detrended profiles X (i) and Y 1fv=1,2,3,..., N, the variance of segment v, F* (1, 5), is
G . . as follows:
(i) into N, nonoverlapping segments. Each segment is a
separate time series with s observations. The calculation
process of length interval Nj is as follows:
2 1 : . Ny, . ny.
F(v,5) =< Y IX((v=Ds+i) = pL @)Y (v = Ds +4) = py ()] (6)
i=1
If v=N, +1, N, +2, N; +3,..., 2N, the variance of seg-
ment v, F%(v,s), is as follows:
13 . . ) .
F*(v,s) = ; YIX(N=(v=N)s+i) = pr() - [Y (N = (v=N)s +i) - pj (i), (7)
i=1

where p! (i) is the n-th-order polynomial fitness check of
segment 7.

Step 4. We take the arithmetic average of all the detrended

segment variances, which generates the g-th order of the

fluctuation function. The fluctuation functions are con-

structed by the values of q. The equations are as follows.
If g#0,

1/q

P oW o2
F,(s) = [W Z [F (v,s)] :| ) (8)
s p=1
Ifg=0,
12N )
= — 1 )| 9
Fy(s) exp[4Ns U; n[F (v s)]] 9)

Generally speaking, the fluctuation function F(s) is
determined by the time length s under a certain value of . In
addition, the fluctuation function equals the traditional
detrended cross-correlation analysis process when the value
of q is 2. With this view, we repeat the procedures from Step
2 to Step 4 with various selections of s, which is an essential
part of the multifractal analysis and, finally, leads to our last
procedure, Step 5.

Step 5. Due to the multilength value selection of s, the
fluctuation function F, (s) with different scaling orders g can
be observed by checking the gradient of the log—log plots of
F q(s) versus s. If the time series X (i) and Y (i) present a
cross-correlation with multifractal property, the fluctuation
function F, (s) would demonstrate a power law relationship
with a large enough time length s between the two time

series:
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Fq (s) ~ Sny(q)) (10)

where H yy (q) is on behalf of the gradient of the log-log plots
of F,(s) with the variation in the values of q. Hyy (q) is
estimated by the ordinary least-squares process.

With this view, we find that the slopes of the functions
F,(s) and Hyy (q) varied upon the value changes of scaling
order q. Also, when q=2, Hyy (q) works as the standard
Hurst exponent. If the scaling exponent, Hyy (2), is larger
than 0.5, we believe that a persistent cross-correlation exists.
However, if the scaling exponent of H xy (2) is less than 0.5,
we believe that persistent cross-correlation between the time
series X (i) and Y (i) does not exist. If the scaling exponent
Hyy (2) is equal to 0.5, the cross-correlation between the
time series X (i) and Y (i) shows no significance. With
widespread application of the Hurst exponent, H xy (2) has
been commonly viewed as the generalized Hurst exponent.
Thus, if the scaling exponent H xy (q) is equal to a constant
by any given value of scaling order g, the time series cross-
correlation is believed to hold the monofractal characteristic.
In contrast, if Hyy (q) monotonously decreases with the
increasing value of g, the time series are determined to be
cross-correlated with multifractal property. Additionally, we
can derive from equations (4) and (6) that when q is greater
than zero, the segment v, which is on behalf of the large
fluctuation of F? (v, s), plays a vital role in valuing fluctuation
function F q (s). With this view, the scaling exponent H xy (q)
could be employed as a proxy for the illustration of the large
fluctuation scaling character. Conversely, if g is less than
zero, the scaling exponent H xy (q) would be responsible for
the small fluctuation scaling character.

5. Empirical Results

5.1. Cross-Correlation Test. To have a qualitative view of the
cross-correlation between the US dollar exchange rate and
US economic policy uncertainty index, we follow the work of
Podobnik and Stanley [36] by calculating cross-correlation
indicator, C;, and statistics, Q. (). Figure 1 demonstrates
the cross-correlation statistic Q.. (1) and chi-square critical
value y° (m) at 5% significant level with degrees of freedom
from 1 to N-1. The black and green lines are responsible for
the critical value of X2 (m) and statistic Q.. (m), respectively.
We can find that partial Q. (m) statistics are equal to the
critical values; thus, the null hypothesis of no cross-corre-
lations cannot be fully accepted, which would result in a
cross-correlation between US dollar exchange rate and US
economic policy uncertainty index.

5.2. Multifractal Detrended Cross-Correlation Analysis.
Section 5.1 provides qualitative evidence that US dollar
exchange rate return and US economic policy uncertainty
index would have cross-correlation with significant statis-
tics. To have a more solid cross-correlation inspection in a
quantitative way, we utilize the prevailing multifractal
detrended cross-correlation analysis as the vehicle, which is
extensively employed in the time series studies. We calculate

the fluctuation function Fyyq (S)) with growing scaling order

log10(Qcc(m))

ol . . . . . .
0 0.5 1 1.5 2 2.5 3 3.5 4
log10(m)
—o— EPU-Ret
—— Critical

FIGURE 1: Log-log plot of cross-correlation statistic Q.. (m) for EPU
and Ret.

q from —10 to 10 by one step length. Figure 2 plots the log-
log trend of Fyyq (S)) varying upon the time length s between
US dollar exchange rate return and US economic policy
uncertainty index (Ret and EPU). The lines increasing from
bottom to the top are on behalf of corresponding scale orders
from —10 to 10. It is easy to find that F,,q (S)) demonstrates
apparent rising trend with the gradual increase of s with all
scale orders, showing a power law correlation existence
within the two time series.

As one of the essential inspection procedures for US
dollar exchange rate return and US economic policy un-
certainty index cross-correlation check, we calculate the
Hurst exponent conditional on scaling order. Figure 3 shows
the Hurst exponent evolution pattern upon variation of
order q. We can find that the Hurst exponent values of US
economic policy uncertainty index and US dollar exchange
rate return (EPU-Ret) demonstrate downward pattern with
increasing scale order. However, all values are greater than
0.5, indicating cross-correlation persistence between US
economic policy uncertainty index and US dollar exchange
rate return (EPU-Ret).

In order to have a deep insight of Hurst exponent
evolution conditional on the time length s, we follow the
methodology proposed by Podobnik et al. [38]. Podobnik
et al. [38] divided the whole-time length into two parts, the
short-term length and long-term length with a cutoff point
at §*, which indicates a fundamental change in Hurst ex-
ponent linear tendency. If the time length S is greater than
that of §*, we attribute it as long-term length and vice versa.
As shown in Figure 2, log; (8*) is equal to 2.2 (§* equals
158), marked by the vertical dashed line. Figure 4 presents
the short-term and long-term Hurst exponent evolutions.
We can find that the long-term Hurst exponents for EPU-
Ret are all larger than those in the short term, indicating a
more persistent cross-correlation compared with that in the
short term. Also, we can find that both long-term and short-
term Hurst exponents decline as scaling order g increases.
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log;(Fxyq(s))

1 12 14 16 18 2
logo(s)

22 24 26 2. 3

FIGURE 2: Log-log plot of F,,q (S) versus s for EPU and Ret.
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FIGURE 3: Hurst exponent H (g) versus g for the EPU-Ret.
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FIGURE 4: Short-term and long-term Hurst exponent H (g) versus q
for the EPU-Ret.

With this view, the large fluctuation holds less cross-cor-
relation than the small one. In addition, we introduce AH,,
the difference between max and min Hg, proposed by Yuan
et al. [39], as the measurement instrument of multifractality
degree. A smaller value of AH, refers to a lower degree of
multifractality. AH, is constructed as follows:
AH, = max(H,) - min(H,)). (11)
As reported in the last row of Table 2, we can find that
long-term AH, (0.1559) is larger than that in the short term
(0.1071), indicating a more stable cross-correlation within
series.

5.3. Rolling Window Analysis. In this section, we perform the
MF-DCCA with rolling window approach to check the
cross-correlation dynamic character between US dollar
exchange rate return and US economic policy uncertainty
index. Due to sample size expansion, we take a four times
multiplier of the rolling window setting of Zhang et al. [40]
with 2000 trading days as window length and 32, 64, 128,
256, 512, and 1024 as scale s. Also, to have a more general
view of trend evolution, we follow the work of Zhang et al.
[41] with g as 2, 6, and 10. Figure 5 presents the Hurst
exponent evolution following rolling window methodology.
It is easy to find that the exponent line never moves down
0.5, showing reliable cross-correlation persistence between
EPU and Ret. In addition, we perform two other robustness
tests with window sizes of 1500 and 2500 as shown in
Figures 6 and 7, respectively. It is easy to find that all the lines
are above 0.5, which are consistent with findings in Figure 5.

5.4. A Binomial Measure from P-Model. Podobnik and
Stanley [36] proposed that when scale order g equals 2, the
Hurst exponent within two autoregressive fractional inte-
grated series of same random noise would roughly bear an
equivalence to the mean value of the corresponding indi-
vidual Hurst exponents. Also, Zhou [37] found that if
multifractality can be discovered through an iterative way,
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TaBLE 2: Short-term and long-term Hurst exponent H (q) versus g.

EPU-Ret

q §* =158

S<§* §>8*
-10 0.7491 0.8863
-9 0.7415 0.8833
-8 0.7335 0.8801
-7 0.7255 0.8765
-6 0.7174 0.8725
-5 0.7097 0.8676
—4 0.7026 0.8613
-3 0.6963 0.8530
-2 0.6912 0.8420
-1 0.6874 0.8279
0 0.6848 0.8115
1 0.6833 0.7945
2 0.6822 0.7789
3 0.6809 0.7661
4 0.6787 0.7563
5 0.6749 0.7490
6 0.6697 0.7436
7 0.6633 0.7394
8 0.6562 0.7360
9 0.6490 0.7331
10 0.6419 0.7305
AH, 0.1071 0.1559

Window = 2000

0.9

| ‘ 1993/03/12 |
1998/09/02
2004/02/23
2009/08/15
2015/02/05
2020/07/28

q=2
q==6
qg=10

F1GURE 5: Dynamic Hurst exponents evolution for EPU-Ret (¢ =2,
6, and 10, and window =2000).

the following equation for two binomial measure series
would exist:

H. (9 +H,,(q)
=

ny (Q) = (12)

Figure 8 plots the Hurst exponents evolution with three
time series. We can find that the exponents of H,, (q) and

Window = 1500

0.95

0.5

o o o0 n wn 0
— =} N — =} N
= <3 Q = <3 Q
[se) fo) [\ [} o o>
o o o o = o
13 <4 <3 <3 S <3
o o« ey D wn [=}
N N (=} [=3 — [
2 N g & & &

— q=2

— gq=6

— q=10

F1GURE 6: Dynamic Hurst exponents evolution for EPU-Ret (g =2,
6, and 10, and window = 1500).

Window = 2500

0.55

1998/09/02 +
2004/02/23
2009/08/15
2015/02/05
2020/07/28

oo
— O\ N

ESEESTESY
(=]

F1GURE 7: Dynamic Hurst exponents evolution for EPU-Ret (9 =2,
6, and 10, and window =2500).

Hyy (q) demonstrate downward patterns with reduced values
as g increases, indicating multifractality existence of EPU
and Ret series. Also, the arithmetic average of Hy, (q) and
Hyy (q) presents larger value than that of H,y, (q) as g below 0
and vice versa for g greater than 0. In addition, the dif-
ferences between the arithmetic average and H,, (q) are
small and almost symmetrically distributed. Taking this view
into consideration, we believe that the differences can be
offset and H,, (q) and (Hy () + Hyy (q))/2 are roughly equal
within the whole scaling orders.
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FiGuRre 8: Hurst exponents H (g) versus g for EPU-EPU, EPU-Ret,
and Ret-Ret.

6. Conclusions

Multifractal detrended cross-correlation analysis has been
confirmed as a trustworthy instrument for the detection of
cross-correlation multifractality properties between series by
many studies in the financial field. With this view, we utilize
the fashionable logarithmic US economic policy uncertainty
index as the proxy of the US economic policy uncertainty
and concatenate it with the matching US dollar exchange
rate return. We calculate the cross-correlation statistics and
find weak evidence in the existence of cross-correlation
between US dollar exchange rate return and US economic
policy uncertainty index in the qualitative view. To have
more quantitative insight of the multifractal cross-correla-
tion character within series, we employ the MF-DCCA
methodology. We find that US dollar exchange rate return
and US economic policy uncertainty index present power
law cross-correlations with all the scaling orders, confirming
the multifractality property between series. Besides, we find
that the Hurst exponents between US dollar exchange rate
return and US economic policy uncertainty index are all
above the critical values with all scaling orders, confirming
reliable cross-correlation persistence. Also, the long-term
cross-correlation demonstrates more persistence and higher
degree of multifractality with larger exponents. Finally, we
perform additional rolling window and binomial measure
checks. We find that both results are consistent with the
model statements.
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