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ABSTRACT

Purpose—There has been a lot of international interest in the association
between central bank digital currencies (CBDCs) and economic instability, as
the CBDCs are gaining momentum among policymakers and investors. The
CBDC Development Index (CBDCDI) is an instrument that has been used to
measure the progress of the central bank digital currency projects across the
globe. Each operational definition has quantifiable indicators, such as project
stage, frequency of updating, and weighting of the economic size (GDP), and
more so, facilitates quantitative transparency by using standardized and
reproducible measures, as opposed to subjective reports. As the digital
currency issued by central banks has become a competitive alternative to cash
and has been discussed and announced in relation to policies, the returns of
Bitcoin can be influenced.

Study Design/methodology/approach—In a bid to find out the relevance of
CBDC based on Partial Wavelet Coherence (PWC) and Multiple Wavelet
Coherence (MWC) on weekly data between January 2015 and December
2022, this study will analyze the co-movement of the CBDC, volatility index,
Twitter-based economic policy, and geopolitical uncertainty.

Findings: The results of the study indicate that there is a positive, significant
relationship between CBDC, TEP, VI, and GPU across the sample period, which
means that economic shocks and uncertainty play a significant role in
attracting sustainable financial instruments under different combinations of
time frequencies.

Practical Implications—There are some limitations to this study, such as the
limitation of the availability of data and a short time horizon. Implications: The
findings may be utilized by the bank managers, legislators, and scholars to
focus closer on the aspects related to CBDCs.

Originality/Value— With a unique concept that piques scholars' interest, this
work offers insight into a novel research question. By combining Twitter-based
policy uncertainty, volatility, and geopolitical risk with CBDC attention inside a
wavelet time frequency framework, an area with little empirical research to
date, the study makes a novel contribution.
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1| INTRODUCTION

Central Bank Digital Currencies (CBDCs) have changed the financial scenario of the world as the most
recent invention in recent years. These digital currencies are issued and controlled by central banks, which
offer a viable way for financial inclusion improvement, modernize the digital payment system, and solve the
inefficiencies that exist in conventional financial structures, particularly in developing and emerging
economies (Morales et al., 2021). In a comparison of unregulated currencies such as cryptocurrencies, CBDCs
are considered to be a new type of virtual currency, which are positioned as more liquid and safer investments.
The apparent stability in the political situation and economic infrastructure guarantees resilience in times of
financial crisis, which is one factor contributing to their rising popularity (Ozili, 2023). The full extent of the
currency in uncertainty, especially economic and political instability, has not been thoroughly examined in
scholarly literature, despite its high potential.

The aim of improving financial inclusion is one of the important reasons for the creation of CBDCs. A
significant section of the world's population, especially in developing nations, still lacks access to digital
currencies and uses traditional financial services. To avoid traditional banking services and provide access to
digital financial services, CBDCs, being digital currencies, provide a new method to facilitate financial
transactions digitally. Moreover, to address the gap in the current financial system, such as shorter processing
times and exorbitant transaction costs. CBDCs enhance efficiency in cross-border payment, increase
transparency, and reduce the operating risks (Tata, 2023). Therefore, CBDCs have the power to transform the
functions of financial institutions, particularly where the banking sector is still infantile.

The rapid digitization of financial institutions has prompted major concerns about the value of CBDCs
in the larger economic and political landscape. However, these advancements may affect financial markets for
the adoption of digital currencies and the incorporation of decentralized ledger systems. Therefore, concerns
regarding the outcomes of these new digital currencies are gaining the attention of regulators, investors, and
scholars due to their usage as a diversifier or hedge for existing financial assets. Even though CBDCs gain
more popularity, the study on their relationship to political and economic uncertainty is still under-researched,
particularly the uncertainties by social media sites like Twitter (Wang et al., 2022).

While other social media trends towards digital currencies, the present debate discusses the role of the
central bank in boosting the use of CBDC. In this regard, central banks have historically been crucial to
maintaining financial stability by controlling the money supply, regulating currencies, and acting as
clearinghouses for banks during trying times. (Choi et al., 2021). However, the rise of unregulated digital
currency has made it more difficult for central banks to maintain control over monetary systems and lessen
the risks associated with financial market volatility. Although CBDCs are considered to be a way to improve
the stability of the financial system, little is known about how they apply to broader market circumstances.
Specifically, there is a lack of empirical data regarding how CBDCs respond to various uncertainty metrics,
including the geopolitical risk (GPR), volatility index (V1), and economic policy uncertainty (EPU), that are
influenced by news on Twitter.

Moreover, the recent developments in digital currencies suggest that the influence of uncertainty, through
social media platforms like Twitter, has become more significant and affects the performance of digital

currencies. According to research, market sentiments generated by Twitter increase market volatility by
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amplifying both positive and negative sentiments. For example, the Twitter-based Economic Policy
Uncertainty (TEPU) index has been shown to have a significant impact on financial markets, with volatility
spiking in response to tweets about economic policy uncertainty (Li et al., 2022).

However, little research has been done on the Twitter sentiment that affects CBDC performance. In the
recent era, much research has been conducted on fiat-backed digital assets, but CBDCs are a reliable
investment as backed by the central banks. While it is difficult for investors and policymakers to comprehend
the responsiveness of CBDC during uncertainty and volatility, specifically related to Twitter news. The
investors are more concerned with CBDCs' function as a safe-haven asset during geopolitical or economic
unrest. According to the financial theories, investors are risk-averse and sensitive to social media news; they
are more likely to invest in safe assets than unsafe life cryptocurrencies. Consequently, the investors are more
likely to invest in traditional treasury bills, government-backed assets, and bonds. Interest in CBDCs' ability
to serve as a safe-haven currency in the face of global volatility has increased since their launch.

Central Bank Digital Currencies (CBDCs) have certain unique characteristics, such as being centralized
and backed by the government. This makes people concerned with how well they will do compared to other
assets when things remain extremely unclear. Even while more people are interested in CBDCs as possible
significant financial tools, their counter-cyclical nature—especially during times of geopolitical tension or
market instability—hasn't been studied in depth. The conduct of CBDCs in such crises requires additional
scrutiny. Moreover, geographic variations in the response of CBDCs to uncertainty constitute a significant
concern. Emerging economies, which are more politically and economically unstable than developed nations,
may respond to uncertainty in different ways. Digital currencies like CBDCs are still new, and volatility
indices are frequently higher in developing countries. Because of this, the effects of social media-driven
uncertainty, especially on platforms like Twitter, may be stronger in these areas. So, it's important to look at
how developmental and regional characteristics affect CBDC performance during times of crisis. This study
seeks to examine the interaction of these parameters with uncertainty measurements, including geopolitical
risk and the Volatility Index (V1X), to affect the behavior of Central Bank Digital Currencies (CBDCs).

Figure 1
Time series variables between January 2015 and December 2022.
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Volatility Index Global Policy Uncertainity

Figure 1 reveals the trends of CBDC, Twitter-based economic policy, volatility index, and global policy
uncertainty.

CBDCs are becoming important, and the research currently in publication mostly ignores how they
interact with other uncertainty indicators, especially when it comes to social media and geopolitical risk. This
gap in the literature underscores the necessity for a more comprehensive analysis of the behavior of CBDCs
in contexts characterized by heightened uncertainty. It is essential to examine in greater detail the interactions
among CBDCs, Twitter-driven economic policy uncertainty, and the Volatility Index, as well as their
responses to geopolitical events. The purpose of this study is to fill this gap by examining the co-movements
of CBDCs, the Volatility Index, economic policy uncertainty, and geopolitical uncertainty. This study aims to
comprehend the non-linear causality between these factors and the dynamic behavior of CBDCs in response
to various time frequencies and economic conditions using sophisticated econometric methodologies, such as
Partial and Multiple Wavelet Connectedness. This research will elucidate the role of Central Bank Digital
Currencies (CBDCs) in mitigating risk during times of political and economic instability by analyzing the
relationship between uncertainty and CBDCs.

Furthermore, by providing a more sophisticated knowledge of how CBDCs respond to global concerns,
this study will add to the expanding corpus of scholarship on digital currencies. It will also give central banks
and policymakers useful information on how to set up and run CBDCs in a way that maximizes their ability
to promote financial inclusion and stabilize financial markets. The ultimate goal of this research is to add to
the continuing discussion about the future of digital currencies in the global economy and offer a more
thorough knowledge of the function of CBDCs in the contemporary financial system, especially during times
of crisis. For investors, especially those who are risk averse and seek safe-haven assets during uncertain
economic times, this study has important ramifications. Investors can make better decisions about their
portfolios, especially when dealing with market volatility and political unpredictability, by being aware of the
hedging and diversification capabilities of CBDCs. Additionally, the use of sophisticated analytical methods
will enable a more thorough comprehension of the time-frequency relationships between uncertainty
indicators and CBDCs, providing a more intricate and thorough understanding of how these digital assets
behave in various market scenarios.

In conclusion, the emergence of CBDCs marks a significant turning point in the development of

international financial systems. Even if they have a lot of promise to make payment systems better and make
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more people able to use them, we still don't know much about how they will act when there is political and
economic turmoil. By examining the connection between CBDCs and uncertainty indicators, this study seeks
to close this knowledge gap and offer insightful information to investors, politicians, and scholars alike. This
study contributes to the ongoing discourse regarding the role of digital currencies inside the global financial
system by employing advanced analytical methodologies and focusing on the interconnections between
CBDCs, economic policy uncertainty, and geopolitical risk. The study objectives are as follows:
1.1 | Research Objectives
= The kind and degree of co-movement exist between Twitter-based economic policy uncertainty
(TEP) and CBDC.
= The effects of Volatility Index (V1) on the behavior of the CBDC market over various time
periods and frequency domains.
= The connection exists, especially during times of crisis, between CBDC performance and
geopolitical uncertainty.
= In times of increased uncertainty brought on by social media trends and political unrest, do
CBDCs show counter-cyclical traits?
= The differences exist between the interrelated elements of CBDC, TEP, VI, and geopolitical
uncertainty in various geographical contexts and economic development levels.
1.2 | Research Questions
= What kind and degree of co-movement exists between Twitter-based economic policy
uncertainty (TEP) and CBDC?
=  What effects does the Volatility Index (V1) have on the behavior of the CBDC market over
various time periods and frequency domains?
= What connection exists, especially during times of crisis, between CBDC performance and
geopolitical uncertainty?
= In times of increased uncertainty brought on by social media trends and political unrest, do
CBDCs show counter-cyclical traits?
= What differences exist between the interrelated elements of CBDC, TEP, VI, and geopolitical

uncertainty in various geographical contexts and economic development levels?

The remainder of this research is structured as follows: Section 2 reviews the literature on the current
topic, while Sections 3 and 4 present the methodology and results, respectively. Ultimately, Section 5

summarizes the results.
2 | LITERATURE REVIEW

The growing interest in Central Bank Digital Currencies (CBDCs) has led to a lot of academic debate
about how they could make it easier for everyone to use the financial system, update the payment system, and
lessen systemic risks, especially during times of financial crisis. State-backed digital currencies, or CBDCs,

offer a unique opportunity to address the limitations of traditional banking systems by enhancing payment
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system efficiency and mitigating settlement risks (Sinelnikova, 2020; Sissoko, 2017). CBDCs are becoming
more and more popular as a way to do financial transactions that might be safe and work well. However, we
don't know much about how they work with other financial issues like policy risks, market volatility, and
geopolitical conflicts. Focusing on Twitter-based economic policy uncertainty (TEP), this paper critically
examines the academic discourse about CBDCs in relation to volatility indices (VIX), economic policy
uncertainty (EPU), and market sentiment shaped by social media.

Figure 1
Correlational analysis of study variables.
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The CBDC is one possible way to make sure that the economy stays stable. Researchers say that CBDCs
are more stable than cryptocurrencies because they are regulated by the government and tied to a country's fiat
currency. Cryptocurrencies, on the other hand, are decentralized and often unstable. Several studies indicate
that CBDCs can mitigate systemic financial risk by offering an alternative to private digital currencies,
especially during times of financial volatility (Tong and Jiayou, 2021; Larina & Akimov, 2020). Still, there is
a lot of talk about how much CBDCs lower financial instability when the economy or politics are
unpredictable. Bech and Garratt (2017) said that CBDCs might make payments safer and more efficient, but
they also said that moving money from commercial banks to central banks could make banks less stable. This
is especially important when it comes to retail CBDCs, because customers could move their money to the
central bank's digital currency, which could make the traditional banking system less liquid.
Market uncertainty, especially when it comes to economic policy, has been one of the biggest worries in CBDC
research. Economic policy uncertainty, or EPU, is the term for the reality that we can't forecast what the
government will do that will affect things like inflation, taxes, and regulations. There is a strong connection
between EPU and financial markets. High levels of uncertainty often lead to higher asset price volatility
(Bekaert et al., 2022). Some people have argued that CBDCs could help protect against this kind of volatility.

Behavioral finance theories, such as prospect theory and loss aversion, suggest that investors tend to choose
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assets with less risk during periods of high uncertainty (Bekaert et al., 2022). Some people argue that CBDCs
are a safe investment that offers stability and liquidity because they are regulated, especially in times of crisis
(Rehman et al., 2024a).

The volatility index (VIX) is a common way to measure how uncertain the market is. The VIX measures
how much the S&P 500 index is expected to change over the next 30 days. It is a stand-in for market mood.
Studies have shown that different types of assets, including virtual currencies, have different levels of
correlation with the VIX, especially when the market is most volatile (Helmi et al., 2023). While the VIX has
been well studied in relation to traditional cryptocurrencies like Bitcoin, its connection to CBDCs has not been
as thoroughly studied. Some scholars contend that macroeconomic elements, such as geopolitical concerns
and Economic Policy Uncertainty (EPU), may influence the behavior of Central Bank Digital Currencies
(CBDCs), rendering them susceptible to volatility (Chen et al., 2022). Nonetheless, there is presently a scarcity
of empirical data regarding the co-movement of CBDCs and the V1X, especially concerning the role of CBDCs
in risk mitigation during worldwide financial crises such as the COVID-19 pandemic (Helmi et al., 2023).
In recent years, social media, notably Twitter, has become an important place for investors to get news and
sentiment. Twitter-based economic policy uncertainty (TEP) shows how political discussions and economic
news shared on Twitter can affect how people act in the market. Researchers have found that TEP is associated
with more volatility in financial markets and less certainty among investors (Masciandaro et al., 2023). When
it comes to CBDCs, Twitter has a major impact on what investors think and do. Investors' choices about
CBDCs may be affected by how often they react to what they see on Twitter, which includes comments about
political events and economic policy. For instance, political turmoil or the introduction of new legislation may
lead to an increase in the demand for CBDCs as a safe-haven asset (Hanska & Bauchowitz, 2019). Research
on the direct impact of Twitter-induced uncertainty on CBDCs remains nascent; other studies have
investigated the relationship between social media trends and cryptocurrency valuations (Bekaert et al., 2022).
One of the biggest problems with studying the link between social media and CBDCs is that we don't know
how the transmission pathways work. Researchers remain dubious if investor sentiment is directly influenced
by social media-induced uncertainty, such as TEP, or if alternative factors, including fluctuations in liquidity
or market expectations, are involved (Nguyen & Nguyen, 2023). However, the growing influence of social
media on financial markets cannot be overlooked, necessitating further research to ascertain the specific effects
of TEP on CBDC behavior.

Even though the research gives us useful information on how CBDCs and different kinds of uncertainty
are related, there are still some critical gaps in it. Most of the research done so far has looked at how economic
policy uncertainty, geopolitical risk, and volatility indexes affect financial assets in different ways, often on
their own. Nonetheless, insufficient focus has been directed towards the interconnections among these aspects,
particularly concerning CBDCs. Rehman et al. (2024b) assert that previous studies often utilize conventional
linear models, such as Granger causality and vector autoregression (VAR), which inadequately reflect the
frequency-dependent, time-varying nature of financial markets in periods of crisis. Wavelet-based
connectivity techniques have been used to study how cryptocurrency markets change over time, allowing

researchers to look at how different time scales affect co-movements (Rehman et al., 2024b). There exists a
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significant methodological deficiency, as these methodologies have yet to be applied to CBDCs.
Moreover, most current studies do not take into consideration the different geographic and developmental
contexts in which CBDCs are being put into use. There is a shortage of research on the consequences of
CBDCs in emerging nations, where aspirations for financial inclusion are often given more weight (Morales
etal., 2021). This is, although established economies like the US and China have gotten a lot of attention. The
acceptance and utilization of CBDCs in these markets are significantly affected by institutional backing,
financial literacy levels, and regulatory frameworks (Ozili, 2023). Consequently, this literature review
underscores several significant research problems related to CBDCs and their interaction with uncertainty
metrics. CBDCs can reduce financial risk and provide stability during times of economic uncertainty, but their
behavior in response to market volatility, especially when influenced by social media and geopolitical events,
remains largely unknown. Previous research has primarily focused on conventional cryptocurrencies, utilizing
linear models that inadequately capture the complex, dynamic interrelations across many sources of
uncertainty. The lack of research on CBDCs in developing nations and this methodological gap show that
more studies are needed that look at the many worldwide situations in which CBDCs are being used and use
more advanced analytical tools. Future research can provide a more comprehensive understanding of how
CBDCs enhance risk mitigation and bolster financial stability in the modern digital economy by addressing
these deficiencies.

2.1 | Hypothesis

H1: There is a strong non-linear causation relationship between Twitter-based economic policy

uncertainty and the dynamics of the CBDC market.

H2: When there is more political upheaval and economic instability, CBDC acts countercyclically,

especially when social media trends are involved.

H3: The performance of the CBDC market is negatively correlated with increased geopolitical

uncertainty and volatility indices, suggesting a linear negative relationship.

H4: CBDC is a safer place to store money during times of political and economic instability than

unregulated cryptocurrencies.

H5: The patterns of co-movement between CBDC and uncertainty indicators are very different depending
on the time frequency and level of economic development.
H6: Because there is more uncertainty in the baseline, Twitter-based economic uncertainty has a bigger

impact on CBDC markets in developing countries than in developed ones.

CBDCs are new digital currencies that need to be studied in depth to understand how they work and how
valuable they are in different economic situations, especially in developing nations. The connection between
CBDCs and policy uncertainty on Twitter has mostly been disregarded in the literature, which is a big vacuum
in knowledge that this study tries to fill. Additionally, risk-averse investors globally necessitate accurate
information on CBDC's hedging and diversification potential, especially during periods of volatile political
and economic circumstances. It's crucial to understand how these changes affect CBDC markets since social

media sites, notably Twitter, have a big effect on how investors respond and how volatile the financial markets
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are. Central banks and regulators need to know how CBDCs react to different measures of uncertainty to

effectively create and carry out digital currency policies that promote stability and financial inclusion.
3 | METHODOLOGY & DESIGN

This research examines the co-movement among Central Bank Digital Currency (CBDC), Geopolitical
Policy Uncertainty (GPU), Twitter-based Economic Policy Uncertainty (TEPU), and the Volatility Index (V1)
from January 2015 to December 2022. The main purpose is to look at how these factors interact when there is
uncertainty and volatility in financial markets. The focus is on how CBDC reacts to geopolitical concerns,
changes in economic policy, and social media-driven emotion.

3.1 | Data Sources and Frequency Harmonization

The information for this study comes from PolicyUncertainty.com, which gives weekly updates on
different economic uncertainty measures. These include the Geopolitical Policy Uncertainty (GPU) index, the
Twitter-based Economic Policy Uncertainty (TEPU) index, and the Volatility Index (VI). Weekly reports also
provide CBDC data, which means that the data frequencies don't match up. To solve this problem, the study
changes monthly variables (GPU, TEPU, and VI) into weekly data using the Kalman filtering method and
state-space models, as Brook (2019) explains. This change makes the dataset more consistent and lets us
analyze high-frequency market dynamics in a useful way. The Kalman filtering approach was chosen because
it can keep the random features of the original data while making weekly predictions that match monthly
totals. Kalman filtering is better at dealing with the data's inherent uncertainties than linear interpolation, which
can smooth out patterns of volatility.

3.2 | Wavelet Analysis

This study employs wavelet-based techniques, particularly the Morlet wavelet, to investigate the time-
frequency dynamics of the relationship between the variables. The Morlet wavelet is the best choice for finding
lead-lag correlations in financial time series because it has the best time-frequency localization features. This
method is often employed in financial research since it may find both amplitude and phase connections in
data. The study also uses different wavelets, like the Paul and Mexican Hat wavelets, to do robustness checks
and make sure the results are consistent. To look at how CBDC, GPU, VI, and TEPU move together over
different time scales (short-term, medium-term, and long-term), we use Wavelet Transform Coherence
(WTC), Partial Wavelet Coherence (PWC), and Multiple Wavelet Coherence (MWC). These methods let you
look closely at how the factors affect each other throughout different investment periods (2-8 weeks, 8-32
weeks, and 32—-64 weeks).

3.3 | Statistical Tests and Simulation

The study uses strict statistical testing to back up its results. We use 10,000 Monte Carlo simulations to
make surrogate time series. This makes sure that the wavelet coherence results are strong. There are 90%,
95%, and 99% levels of significance testing, and False Discovery Rate (FDR) corrections are used to keep
track of many tests. The Augmented Dickey-Fuller (ADF) test is used to see if the data is stationary, which
means that the time series can be used for wavelet analysis. You can use the Ljung-Box Q-statistic to look at

how the variables' autocorrelation is set up.
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3.3 | Descriptive Statistics and Data Visualization

A comprehensive descriptive statistics table (N=416 weekly observations) is provided, encompassing
essential metrics such as the mean, median, standard deviation, skewness, kurtosis, and stationarity results.
This table gives you a basic idea of how each variable is distributed and how it acts. A correlation matrix is
also used to look at how CBDC, TEPU, GPU, and VI are related to each other. The study utilizes data
visualization techniques through the ggplot2 package in R to illustrate the outcomes of the wavelet coherence
analysis.

Table 1.

Descriptive Statistics

Variables CBDC TEP Vi GPU
N 418 418 418 418
Mean 100.484 117.653 18.775 216.488
1st Quartile 99.452 55.389 13.549 155.463
Median 99.879 83.565 17.336 211.891
3rd Quartile 101.037 145.912 22.623 266.362
SD 1.427 106.885 7.246 71.722
Min 99.117 15.645 9.106 100.036
Max 106.157 896.02 61.41 435.935
Skewness 1.483 3.079 2.05 0.407
Kurtosis 4.682 16.628 10.729 2.541

Notes: The descriptive statistics table shows the distribution of data. N and SD stand for no. of observations and
the standard deviations, respectively.

3.4 | Methodological Limitations and Robustness Checks

This research finds some methodological constraints, especially with the frequency conversion
procedure. Changing monthly data to weekly frequencies could cause biases, like weakening correlations and
making volatility patterns look smoother than they really are. To deal with this, robustness checks are done,
which include using alternative interpolation methods (like Chow-Lin) and frequency conversion methods
(like MIDAS). To make sure the results are reliable, they also look at how sensitive they are to outliers and
changes in the data. We further examine the study's strength by looking at how stable it is over time by
comparing the periods before the crisis (2015-2019), during the crisis (2020-2021), and after the crisis (2022)
to see whether there are any structural cracks.

3.5 | Computational Environment

The analysis is done with R version 4.3.1 and the following packages: WaveletComp, biwavelet,
wavemulcor for wavelet analysis, and tseries and nortest for statistical testing. The computing environment
has an 8-core CPU that runs the Monte Carlo simulations and wavelet analysis. It also keeps track of the time
each computation takes so that it can be repeated.

In summary, this study utilizes sophisticated econometric techniques, such as Kalman filtering for
frequency conversion, wavelet coherence for time-frequency analysis, and Monte Carlo simulations for

statistical robustness, to conduct a thorough analysis of the co-movements between CBDC and diverse
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uncertainty indicators. These methods make sure that the results are accurate, strong, and give useful

information about how CBDCs act when there is market uncertainty and geopolitical dangers.
R*(m,n) = | N(N~1Sxy(m,n)|* / N(N~t|Sxx(m,n)|?) = N(N~|Syy(m,n)|? (3.1)

Where R”2 (m,n) is the wavelet coherence at time m with frequency n, the result values lie between 0
and 1. The closer to zero value represents absence or weak coherence between the variables, while the test
results nearer to 1 show a perfect or stronger coherence between the variables. Sxy(m,n): is a cross-wavelet
spectrum of two signals at time m with frequency n. Sxx(m,n): wavelet power spectrum for the first signal at
time m with frequency n. Syy(m,n): wavelet power spectrum for the second signal at time m with frequency
n. Wavelet technique furnishes several benefits to multiple data series: 1) relaxed the assumption of
stationarity, 2) non-normal time series can be used for analysis, 3) events during the time frame can be easily
captured, 4) the time-frequency perspective can be analyzed, 5) non-linear relationships can be addressed, 6)
it can examine the direction and magnitude of association whether short, medium, or long-run relationship, 7)
Wavelet functions and applications depend upon the nature of data, and 8) it can analyze bidirectional
relationships at different time frequencies (Rej et al., 2022; Rehman et al., 2024a).

3.6 | Partial Wavelet Coherence

PWC is amodern version of WTC that addresses quantifying conditional dependency between two signal
frequencies simultaneously by controlling the impact of other frequency signals. To evaluate the direct link
between two model signals, this technique is used to rule out the indirect impacts of other signals. By excluding
the impact of the third model variable, X3, PWC estimates the wavelet coherence for variables in two models,
X1 and X2. As a result, the following equations give the PWC for each of the three model variables, X1, X2,
and X3, by removing the impacts of each one separately:

Figure 3

Continuous Wavelet Transformation of all the study variables.
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The following PWC equation was proposed by Mihanovi et al. (2009) by removing the influence of the
model variable X3:

IR(x1,2) ~R(x1,%3)-R(x1,22) |?
[1-RCe1,x3)12[1-(x3,.x2)]* '

When the effect of X3 is eliminated among the time, m, and frequency, n, the value of the coefficient of

RPz(x1'x25x3) = (38)

PWC should lie between 0 and 1 inclusive. It represents a square of the partial correlation of model time series
variables, X1 and X2. The closer the correlation to 0 is after eliminating the impact of X3, the weaker or absent
a relation between X1 and X2 is (Kristoufek et al., 2016; Aloui et al., 2018).

3.7 | Multiple Wavelet Coherence

WTC development is also through the analysis of the coherence of the different model signals. It
evaluates the level of time-frequency resemblance among different signals in order to further illuminate the
association among different variables. This approach is selected to observe the co-movement of the model

variable of Y and other response model variables X1 and X2. We compute MWC as follows:

2 2 _ . * *
RMZ(Y, X3,x2) — R?(Y,x1)+R*(Y,x;) f_R;z[I;EI;C:)) R(Y,x2)" R(x1,%2)"] (39)

where the MWC connection between the dependent variable "Y" and the linear association of the other

two response variables "X1" and "X2" is shown in RM2(Y, x3, x;)
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Table 2.

Correlation Matrix

CBDC TEP VI GPU
CBDC 1.000
TEP 0.075 1.000
VI 0.256 0.787 1.000
GPU 0.245 0.761 0.623 1.000
Table 3.
BDS Test
Variables CBDC TEP VI GPU
M2 30.5865*** 27.7043*** 51.1467*** 69.6954***
M3 33.2384*** 29.4896*** 53.8725*** 73.2844%**
M4 36.202*** 31.2275%** 57.3847*** 77.7816%**
M5 39.9806*** 33.6794*** 62.6635%** 84.5812***
M6 44 949*** 36.9256*** 69.9712*** 94.2964***

Notes: *** shows the significance level at 1%.

3.8 | Continuous Wavelet Transform

It is an essential method to break down a signal into wavelet coefficients at both scales and time points
to form a time-frequency representation of the signal. It allows the model variables to be localized to achieve
accuracy in both the time and frequency domains.

CWT mends W, (m,n) to investigates a definite wavelet { (.) for time X(t) € L2(R):

© 1 T=m
We(mm) = [, x(6) = (52) . (3.10)
A time series model variable X(t) about the space may be successfully attenuated and then rebuilt using
CWT- € L2(R):

x(t) = éfooo [15° W (m, n)w,bm,n(t)dtu]%,N >0 (3.11)

Additionally, it keeps the power of the examined time series as an integral, as indicated in Equation 3.12

below.
Il x 12= éfom [ Wy (m, m) 2dm] 55 (3.12)

In this empirical study, we favour using this CWT quality to investigate wavelet coherence and gauge

the strength of the underlying link between two-time structures.
4 | RESULTS AND ANALYSIS

4.1 | Preliminary Outcomes
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Before employing the wavelet technique, specific pre-estimation tests should be conducted, such as
summary statistics, correlation analysis, and the BDS test to confirm the data nonlinearity. Table 1 shows the
descriptive statistics, as well as the averages of the volatility index. TEP standard deviation is greater than that
of other variables, meaning that there is a greater level of risk when it comes to Twitter-based policy
uncertainty. The skewness is positive, with the data showing a skewed distribution, most of which are on the
right. At the same time, TEP and VI data have large values of kurtosis and thin tails. Most of the values are
high in the distribution. Besides, the interaction between CBDC, TEP, VI, and GPU is demonstrated in Table
2. The results show that there is a poor relationship between CBDC and TEP (0.075), and between CBDC and
VI (0.256) and CPU (0.245). TEP has a great correlation with VI and GPU, with VI and GPU having a
correlation of 0.623. Figure 2 represents the graphical representation of correlation analysis. The volatility and

uncertainty have a strong positive correlation, as investigated in the available research.

Figure 4

Wavelet Transform Coherence of all the study variables.

WTC: CBDC-GPU

- N\ TE¥ r =8 1| V. : ¥ g Wi
\
y . (o s |
TAdihidiby »
KuRAAE €
T 4| % H = F g X
) v ! .
] ot
5 P g Y R
0/ a3 A4 N
;“-w-n NP ~——

Period
Period

29-04-16 01-09-17 04-01-19 08-05-20 10-09-21

WTC: TEP-GPU
4 N ®

Period
Period

128 [y RR) >
290416 01-09-17 04-01-19 08-05-20 10-09-21

4.2 | Wavelet outcomes

A significant methodological lack in the presentation of data is its overwhelming reliance on qualitative
and visual elements, lacking sufficient quantitative support from statistical measures, hypothesis testing, or
effect size estimates. The narrative explaining the trends in Figures 3 and 4 employs subjective terminology
such as significant disparities, greater diversity, minor fluctuation, strong collaboration, and substantial
correlation, yet fails to quantify these claims with numerical coefficients, confidence intervals, or test results
to maintain objectivity (Torrence and Webster, 1999). Some examples of this are the claim that CBDC-TEP
is an inverse relationship because the arrows are falling, which is actually the direction of the arrows on phase
diagrams. They do not include the actual size of the coherence coefficient of the wavelets or the percentage of
time-frequency space that has significant coherence (more than 5 percent or 10 percent of time set by Monte
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Carlo simulations) or the averages of the strength of coherence across the relevant frequency bands and time
scales (Aguiar-Conraria and Soares, 2014).

Figure 5

Partial Wavelet Coherence of all the study variables.
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This research highlights some limitations of wavelet coherence analysis, namely the inherent subjectivity
in visual pattern detection and the challenges associated with interpreting complex, multi-dimensional wavelet
plots. When researchers look for patterns in these plots, they may unwittingly focus on connections that

support their beliefs and ignore those that go against them. This is called confirmation bias (Simmons et al.,
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2011). Because of this, the direction, strength, or durability of relationships between variables is subjectively

determined, which means that different researchers may come to different conclusions about the same data.

Figure 6
Multiple Wavelet Coherence of all the study variables.
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5 | DISCUSSION

This study employed wavelet-connectedness techniques to analyze the co-movement of Central Bank
Digital Currencies (CBDC), the Volatility Index (VI), Geopolitical Policy Uncertainty (GPU), and Twitter-
based Economic Policy Uncertainty (TEPU). The findings yield some important new understandings regarding
the conduct of CBDC markets, particularly during periods of geopolitical and economic turmoil. The
investigation first showed that there was a substantial positive link between GPU and CBDC uncertainty,
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especially during times of crisis when things happen very quickly. But the low coherence in many time-
frequency bands makes us question how important this relationship is for the economy. Even if it is statistically
significant, a coherence of 0.3 means that only a small part of the fluctuation is explained. This makes it less
likely that market players will find the link between CBDC and GPU useful for hedging or predicting. The
fact that the association between CBDC and TEPU has changed over the course of 2017 supports this even
more. This suggests that Twitter-based economic policy uncertainty may not always be beneficial for
predicting changes in CBDC.

Moreover, although CBDCs exhibit significant co-movement with VI during crises, the coherence
analysis between CBDC and VI indicates their ineffectiveness as safe-haven assets. Theoretical ideas say that
CBDCs should be stable assets during times of uncertainty, but the high coherence shown during the COVID-
19 crisis makes it possible that CBDCs won't provide the risk diversification benefits they were meant to in
really bad market conditions. Another important finding is how phase angles affect the lead-lag relationships
between variables. According to the temporal dynamics, Twitter-driven economic policy uncertainty (TEPU)
is what makes CBDC move. But transaction costs and market frictions make the link less useful in practice
and could make any trade opportunities less likely to happen. This shows how important it is to think about

real-world limits when figuring out how useful predictive signals are in financial markets.
6 | CONCLUSION

The results show that we still don't know how CBDCs work as a hedge or safe-haven asset, even if they
are becoming more and more linked to bigger economic and geopolitical issues. There is a statistically
significant link between CBDC and other metrics of uncertainty, although these links don't always have much
economic value. The notion that CBDCs serve as effective hedging instruments in volatile markets is
challenged by the robust correlation between VI and CBDC, especially in times of crisis. This study
underscores the necessity for a more comprehensive understanding of the response of CBDCs to external
shocks and their potential for risk diversification.

6.1 | Practical Implications

The study emphasizes how important it is for investors to think about the limited diversification benefits
that CBDCs offer, especially when the market is quite volatile. CBDCs may not be as good at protecting
against market risk as some people think, even if they may be linked to uncertainty indexes. When times are
tough, portfolio managers should carefully think about what these findings mean and consider other safe-
haven assets like gold or government bonds when making portfolios. Also, because market frictions might
stop the expected lead-lag relationships between uncertainty measures and CBDC markets from turning into
useful trading signals, the study of high-frequency data calls for a rethinking of investment strategies.

6.2 | Theoretical Implications

This study adds to what we know about digital currencies by giving us new ways to think about how
macroeconomic issues and CBDCs are related. The research interrogates the premise that CBDCs can function
as reliable safe-haven assets, given their status as state-backed digital currencies. It also helps us understand

better how uncertainty measurements and CBDC markets are related with time and in terms of frequency. The
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findings necessitate further examination of the underlying mechanisms driving these relationships, particularly
the role of uncertainty exacerbated by social media and its effects on financial markets. Future research should
explore alternative methodologies, such as mixed-frequency analysis and regime-switching models, to account
for the non-linearities and time-varying dynamics present in the data. Additionally, the research suggests that
the theoretical frameworks for understanding the behavior of CBDCs during crises need enhancement to
incorporate the complex interrelations among digital asset markets, economic volatility, and geopolitical risk.
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