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A B S T R A C T

Despite the growing interest in Blockchain Innovation (BI), there is a lack of research on its predictors. This

study draws on the policy uncertainty literature to hypothesize the positive influence of economic policy

uncertainty (EPU) and cryptocurrency policy uncertainty (UCRY Policy) on country-level BI, determined by

the total number of blockchain patents in a country. We tested our hypotheses using a two-level sample of

126 quarterly observations nested in five countries: Australia, China, Japan, Korea, and the United States. The

results confirm our expectation that the EPU and UCRY Policy lead to an enhanced BI. Moreover, we found

that the UCRY Policy is more impactful on BI than EPU, and that when examining the two policy uncertainty

indicators simultaneously, the effect of EPU on BI becomes insignificant. This study has important implica-

tions for policymakers and investors.
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Introduction

Blockchain technology refers to “a decentralized, transactional

database technology that facilitates validated, tamper-resistant trans-

actions that are consistent across a large number of network partici-

pants” (Beck et al., 2018, p. 1020). Due to features such as

decentralization and transparency, this technology facilitates innova-

tion and radical changes in various fields such as crowdfunding, intel-

lectual property, and supply chains (see Agi & Jha, 2022; Aslam et al.,

2021; Chen, 2018). Scholars have sought to understand Blockchain

Innovation (BI) by analyzing (the number of) patents in which inven-

tions and/or innovative outputs are developed, in addition to block-

chain technology (e.g., Bamakan et al., 2021; Dehghani et al., 2021;

Wan et al., 2022). However, given that blockchain research is new

and highly conceptual (Toufaily et al., 2021; Xu et al., 2019), we lack

empirical insights into the factors that facilitate or hinder blockchain

adoption in developing innovation. We argued that understanding

these factors is crucial for the global adoption of blockchain technol-

ogy, which translates into the success of this novel technology

(Toufaily et al., 2021).

In this study, we examine BI by analyzing the total number of

blockchain patents in five different countries, namely: Australia,

China, Japan, Korea, and the United States, which are the top five

countries in terms of BI, from 2010 to 2022. Our study empirically

tests whether economic policy uncertainty (EPU) (Baker et al., 2016)

and cryptocurrency policy uncertainty (UCRY Policy) (Lucey et al.,

2022) influence countries’ BI. We expected that both types of policy

uncertainty translate into an enhanced BI in these countries. With

this focus, we contribute to the policy uncertainty and innovation lit-

erature in three ways.

First, our study extends research on the EPU − innovation rela-

tionship in the context of blockchain technology. There are two views

on the relationship between uncertainty and innovation. On the one

hand, the strategic growth option theory (e.g., Kulatilaka & Perotti,

1998) suggests that during uncertain periods, firms tend to accelerate

technological innovation to achieve their strategic investment initia-

tives, which in turn improves their competitive advantages in the

future (Guan et al., 2021). On the other hand, according to the real

option theory by Bloom (2014), firms have two different real options

during periods of high uncertainty: either invest (innovate) or “wait

and see.” From a theoretical perspective, we are aware of the incon-

clusive empirical findings of this line of research on the indication of

the relationship between EPU and innovation. For instance, some

scholars find that EPU is negatively related with innovation (e.g., Lou

et al., 2022; Xu, 2020), whereas others find a positive relationship

between these two variables (e.g., He et al., 2020; Xu & Yang, 2021).

Our study contributes to the debate by highlighting the positive asso-

ciation between EPU and BI.

Second, we advanced the line of research that examines the new

concept of UCRY Policy developed by Lucey et al. (2022). More specif-

ically, scholars have adopted the UCRY Policy index to examine its

relationship with outcomes such as cryptocurrency volatility/returns

(e.g., Kara€omer, 2022), investment flows (e.g., Yan et al., 2022), and

market co-crashes (e.g., Dai et al., 2022). However, we could not iden-

tify empirical studies that tested the relationship between the UCRY* Corresponding author.
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Policy and the number of blockchain patents in a country (i.e., BI).

Thus, the results of our study extend the role of UCRY Policy in pre-

dicting blockchain-specific innovation activities.

Third, while studying EPU and UCRY Policy simultaneously, our

study reveals whether UCRY Policy is more impactful on BI than EPU.

This has been an important and relevant issue in the uncertainty lit-

erature since recent research has suggested that the UCRY Policy pre-

dicts crypto-specific phenomena better (e.g., co-crashes of

cryptocurrency markets and stock markets) than the EPU policy (see

Dai et al., 2022). Our results offer implications for the types of policy

uncertainty that practitioners must consider when developing inno-

vation in the blockchain context.

Theoretical background and hypotheses

Innovation

Scholars have studied innovation across various levels of analysis

such as individuals, teams, organizations, and countries. At the indi-

vidual level, Wu et al. (2011, p. 1513) defined innovation as an “indi-

viduals’ intentional efforts to create, introduce, and apply new ideas”

(see also Janssen, 2000). At the team level, innovation is concerned

with a team’s generation and implementation of new ideas, products,

and services, (Eisenbeiss et al., 2008; H€ulsheger et al., 2009; van Knip-

penberg, 2017). In the individual and team innovation literature,

researchers attempt to distinguish between innovation and creativity

such that while both concepts involve the generation of novel ideas,

innovation is further concerned with the implementation of these

ideas (e.g., Dul & Ceylan, 2014; H€ulsheger et al., 2009). Dul and Ceylan

(2014) suggested that creativity can be considered an important

antecedent of innovation, given that innovation starts with the crea-

tion of new or novel ideas. At the organizational or firm level, schol-

ars define innovation as the generation, adoption, and

implementation of new ideas, practices, systems, and policies within

an organization (e.g., Damanpour, 1991; Thompson, 1965; Wan et al.,

2005). However, country-level innovation has not been thoroughly

defined despite numerous innovation studies at this level (e.g., Dakhli

& De Clercq, 2004; Mro _zewski & Kratzer, 2017; Raghupathi & Raghu-

pathi, 2017). These studies instead examine country-level innovation

via different proxy variables such as number of patents (e.g., Dakhli &

De Clercq, 2004; Raghupathi & Raghupathi, 2017; Saldanha et al.,

2021), global competitiveness index (e.g., Mro _zewski & Kratzer,

2017), as well as expenditures for research and development activi-

ties (e.g., Dakhli & De Clercq, 2004).

Focusing on country-level innovation, we consider the number of

patents as an indicator of innovation. There are rationales from past

research on the use of patent statistics as a measure of country-level

innovation (e.g., Dakhli & De Clercq, 2004; Nagaoka et al., 2010). Spe-

cifically, the number of patents is an important representation of a

country’s innovative output, as it reflects the level of a country’s tech-

nological activities that generate novel, useful, and inventive steps in

the technology field (Dakhli & De Clercq, 2004). According to Nagaoka

et al. (2010, p. 1085), “patents have been the only source of valuable

information on new technology, which is screened in a systematic

manner by using a considerable amount of resources by governments

over a long period of time.” Furthermore, the number of patents has

been used to assess innovation at the team (e.g., Peltokorpi & Hasu,

2014) and organizational levels (e.g., Boxu et al., 2022; Kivim€aki et

al., 2000; Zuo & Lin, 2022). Moreover, recent blockchain studies have

begun using the number of patents to understand innovation in the

context of blockchains (Bamakan et al., 2021; Dehghani et al., 2021;

Wan et al., 2022). Overall, these studies have made the number of

patents a widely accepted measure of innovation.

There is ample evidence that country-level innovation varies as a

function of time, economic aggregate or growth, investment, and

trade openness (Furman et al., 2002; Galindo & M�endez, 2014;

Waguespack et al., 2005). For instance, recent studies have docu-

mented rapid growth in patent quality and applications over time in

various countries (e.g., Alam et al., 2022; Bamakan et al., 2021; Fisch

et al., 2016). Moreover, scholars consistently observed a positive link

between country-level innovation and economic aggregates and/or

growth (Amsden & Mourshed, 1997; Furman et al., 2002; Galindo &

M�endez, 2014). Economic aggregate/ growth is generally represented

by a country’s gross domestic product (GDP) or GDP growth rate. For

example, Galindo and M�endez (2014) documented that the GDP posi-

tively affects entrepreneurs’ innovation activities in advanced econo-

mies. Similarly, Furman et al. (2002) investigated the factors affecting

national innovative capacity and documented that, other things being

equal, a 10% rise in GDP is related to more than a 10% increase in

international patents. Trade liberalization- and globalization-related

factors also drive a country’s innovation (Krammer, 2009; Navas,

2015; Taylor & Wilson, 2012). For example, Waguespack et al. (2005)

found that a country’s trade openness, measured by total exports and

imports to GDP, is significantly related to national innovation. They

also documented in their study a significant relationship between a

country’s fixed investment level and its innovative output (i.e., pat-

ents). Although not the focus of our study, we built on this literature

to examine time, GDP, trade openness, and fixed investment as con-

trol variables in our country-level BI model. In the next section, we

discuss EPU and UCRY Policy and model them as important predic-

tors of BI.

Economic policy uncertainty (EPU)

Recently EPU has attracted significant attention from regulators,

firms, and investors because of its significant impact on the economy

at the micro and macro levels (Al-Thaqeb & Algharabali, 2019; Baker

et al., 2016; Cheng et al., 2021; Gulen & Ion, 2016). At the micro level,

EPU influences firms’ cash holdings (Duong et al., 2020; Phan et al.,

2019), trade credit (Jory et al., 2020), investments (Gulen & Ion,

2016), and M&A activities (Nguyen & Phan, 2017). From a macroeco-

nomic perspective, EPU affects a country’s unemployment (Caggiano

et al., 2017), inflation (Leduc & Liu, 2016), GDP growth rate (Balcilar

et al., 2016), monetary effectiveness (Balcilar et al., 2017), future eco-

nomic growth (Handley & Lim~ao, 2015), and recession (Karnizova &

Li, 2014). Many studies show consistent results regarding the nega-

tive impact of EPU on various economic activities and/or firm behav-

iors.

Although much recent research seems to focus on firm-level inno-

vation in China and the United States, EPU has been found to influ-

ence innovation. Scholars have reported inconclusive findings across

different contexts and innovation types. On the one hand, Xu (2020)

showed that high EPU hinders innovation in U.S. firms. Lou et al.

(2022) also found that EPU negatively influences the innovation out-

put of Chinese listed firms. On the other hand, He et al. (2020)

showed evidence of a positive relationship between EPU and firm

innovation in China. According to He et al. (2020), waiting during pol-

icy uncertainty can prevent firms from gaining opportunities to seize

the market, leading to more losses than innovation costs. Thus, firms

prefer to innovate during EPU periods. Similarly, Xu and Yang (2021)

showed that EPU can improve China’s green innovation (to a thresh-

old). Guan et al. (2021) examined listed firms in China and reported a

negative relationship between EPU and corporate business model

innovation, finding a positive relationship between EPU and corpo-

rate technological innovation. Overall, building on existing studies,

the mixed findings on the relationship between EPU and innovation

suggest that EPU can be a risk and an opportunity (Guan et al., 2021).

In addition, although EPU may adversely influence various economic

activities, it provides opportunities for people and firms to innovate

in certain areas, such as technological innovation (Guan et al., 2021;

Tajaddini & Gholipour, 2021).
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In this context, we argued for a positive relationship between EPU

and technological innovations such as blockchain technology. Follow-

ing previous research that examines policy uncertainty, we adopted

the real option and strategic growth option theories (e.g., Cui et al.,

2021; Guan et al., 2021; Tajaddini & Gholipour, 2021; Vo & Le, 2017)

to develop an argument for the positive relationship between EPU

and BI. According to real option theory, during periods of high EPU,

firms have two real options: “wait and see” or invest (Bloom, 2014).

Specifically, firms may choose the waiting option that postpones

innovation to avoid costly mistakes and wait for additional informa-

tion about the future (Cui et al., 2021). However, if they choose to

wait to avoid mistakes, they may lose the opportunity to gain market

power/share with their competitors (He et al., 2020). This is particu-

larly relevant in technology-related fields such as blockchain, given

their rapid evolution and high levels of competition (Daim et al.,

2020). Indeed, Bloom (2014) suggested that the waiting option would

end when firms compete, “perhaps to be the first to patent a new idea

or launch new product” (p. 163). In addition, as argued by the strate-

gic growth option theory (e.g., Kulatilaka & Perotti, 1998), firms tend

to accelerate technological innovation to achieve their strategic

investment initiatives, which in turn improves their competitive

advantages in the future (Guan et al., 2021). Thus, those who would

like to gain a competitive advantage in this field are motivated to

engage in more technological innovation, even during periods of pol-

icy uncertainty. Based on the rationale in this study, we expected a

positive relationship between EPU and BI.

H1. Economic policy uncertainty (EPU) will be positively associated

with Blockchain Innovation (BI)

Cryptocurrency policy uncertainty (UCRY Policy)

Policy uncertainty is important in the blockchain context, given

that the cryptocurrency market is relatively new and “regulatory-dis-

oriented” (Corbet et al., 2019). In their review, Corbet et al. (2019)

considered that as the cryptocurrency market grows rapidly, the cur-

rent broad regulations may not be aligned with such an evolution.

Although significant research has been conducted on EPU, cryptospe-

cific policy uncertainty has received less attention from scholars.

Using a news-based approach similar to that of Baker et al. (2016),

Lucey et al. (2022) analyzed 726.9 million news stories to develop a

new UCRY Policy. The UCRY Policy index has been shown to signifi-

cantly influence cryptocurrency volatility and returns (Kara€omer,

2022), investment flows (Yan et al., 2022), and market crashes (Dai et

al., 2022). However, there is limited evidence of the impact of UCRY

Policy on BI. Using a rationale similar to that in the case of EPU, we

argued that UCRY Policy has a positive relationship with BI (H2).

H2. Cryptocurrency policy uncertainty (UCRY Policy) will be posi-

tively associated with Blockchain Innovation (BI)

Recent research has documented the important role of cryptocur-

rency-specific factors in explaining crypto-related features and phe-

nomena. For example, Liu and Tsyvinski (2021) showed that

cryptocurrency returns can be predicted by cryptocurrency momen-

tum and investor attention, rejecting the claim that cryptocurrency

prices are merely a martingale (Schilling & Uhlig, 2019). In their study

on market crashes, Dai et al. (2022) found that Lucey et al.’s (2022)

cryptocurrency uncertainty measures can be used to forecast co-

crashes of the cryptocurrency and stock markets, whereas Baker et

al.’s (2016) EPU cannot. In this study, we suggest that the EPU indica-

tor significantly reflects uncertainty in macroeconomic policies, some

of which are not relevant to the blockchain and cryptocurrency mar-

kets. However, the UCRY Policy measure considers only the uncer-

tainties related to blockchain and cryptocurrencies. Consequently,

we posit that the UCRY Policy is more relevant in explaining BI and,

thus, is likely to substitute for the effect of EPU on BI.

H3. UCRY Policy will (in part) substitute the effect of EPU on Block-

chain Innovation (BI) such that with the presence of UCRY Policy, the

effect of EPU on Blockchain Innovation (BI) will be reduced.

Methods

Sample

In this study, we obtained relevant quarterly data from 2010 to

the first quarter of 2022, following the introduction of the first block-

chain, Bitcoin, in 2009 (see Nakamoto, 2008). Our sample is a combi-

nation of four datasets: BI (i.e., the total number of patents that are

created/filled, published, and granted in a given quarter in a country),

EPU, uncertainty of cryptocurrency policy (UCRY Policy), and control

variables including GDP, trade openness (Trade), and fixed invest-

ment (Investment). While EPU data (Baker et al., 2016) are available

during the specified period, UCRY Policy data (Lucey et al., 2022) and

GDP are available for 12/30/2013 and 02/21/2021, and until quarter

2, 2020, respectively. Although data on BI (patents) can be retrieved

globally from Google Patents for 2010−2022, we can only obtain pat-

ent data from five countries: Australia, Japan, Korea, China, and the

United States. This is because we observed a very small number of

blockchain patents in other countries during this period; therefore,

we excluded them. Overall, by combining and matching all the data-

sets, we obtained a final two-level sample that includes 126 quarterly

observations nested in five countries (i.e., we performed different

analyses with EPU, UCRY Policy, and both uncertainty indices). The

sample size for the EPU model is 206. However, given the limited

data availability of the UCRY Policy, the sample size for the two mod-

els with UCRY policy is reduced to 126. Although the sample is rela-

tively modest, it is still sufficient to test the hypotheses according to

the rule of thumb of 10 observations per predictor in a hierarchical

linear modeling (HLM) analysis (Hofmann, 1997). However, we rec-

ognized this as a potential limitation of our study and discuss it in the

Discussion section of this study. In the following section, we outline

in more detail how we collected the variables.

Measures

Blockchain Innovation (BI). We used the number of patents as a

measure of innovation in the blockchain context, following a long tra-

dition of innovation research (e.g., Artz et al., 2010; Bilbao-Osorio &

Rodríguez-Pose, 2004; Fritsch & Slavtchev, 2007; Lian et al., 2022;

Wang et al., 2021; Zuo & Lin, 2022). We collected information regard-

ing blockchain patents, date, country of origin, etc., from Google Pat-

ents. The procedure was as follows: First, following recent studies

(Wan et al., 2022; Wustmans et al., 2022), we searched for a list of

blockchain-related keywords that include “blockchain,” “cryptocur-

rency,” “digital currency,” “distributed ledger,” and “smart contract”

on Google Patents. We set the time limit from 2010 to 2022 as the

Bitcoin, and its white paper was introduced only in 2009. The results

were then transferred to an Excel file that included patent informa-

tion, such as patent ID, title, assignee, inventor(s), filling/creation

date, publication date, grant date, and result link. To ensure that the

patents were relevant to blockchain technology, we manually

checked all patent titles and removed the irrelevant ones. Next, we

classified our research results by country and time period (i.e., quar-

terly). Finally, we computed the total number of patents by taking

the sum of created/filled, published, and granted patents in a given

quarter in a country. To enhance normality, we used the natural loga-

rithm (Ln) of the total number of patents as our BI measure.

Economic policy uncertainty (EPU). We used the EPU index devel-

oped by Baker and colleagues (see Baker et al. (2016) and retrieved it

from http://www.policyuncertainty.com/. The website contains

monthly EPU data from more than 20 countries. However, when

combined with the BI dataset, only five countries (Australia, Japan,
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Korea, China, and the United States) have sufficient data. Moreover,

in this study, we were interested in the quarterly EPU index; as such,

we only recorded the EPU values of the five countries on (or near) the

following dates: Q1 − March 1,Q2− June 1,Q3 − September 1, and Q4

−December 1. The EPU index comprises of three main components:

(1) newspaper coverage of EPU, (2) the number of federal tax code

provisions scheduled to expire, and (3) forecast dispersion among

forecasters. The aggregate EPU index was computed as the weighted

average of the three components, which were normalized by their

standard deviations.1

Crypto policy uncertainty (UCRY Policy). We obtained a measure of

crypto policy uncertainty from Lucey et al. (2022). Scholars have

recently adopted this measure to examine the role of cryptospecific

uncertainty in various economic phenomena (e.g., Elsayed et al.,

2022; Hasan et al., 2022; Hassan et al., 2021; Yan et al., 2022). Lucey

et al. (2022) provided a weekly assessment of the UCRY Policy from

12/30/2013 to 02/21/2021. However, similar to EPU, in this study, we

are interested in the quarterly UCRY index, which we record at four

time points each year: Q1 − March 1, Q2−June 1, Q3−September 1,

and Q4− December 1. Lucey et al. (2022) developed a UCRY Policy

index using the number of news articles related to UCRY Policy. This

number was then normalized to its standard deviation to derive the

final UCRY Policy index.

Control variables. We controlled for GDP, trade openness, fixed

investment, and time, which have been found to be significant deter-

minants of innovation (Furman et al., 2002; Galindo & M�endez, 2014;

Waguespack et al., 2005). Quarterly GDP data were collected from

the World Bank’s Global Economic Monitor. We also included the

GDP growth rate as an alternative measure in our additional analysis.

Quarterly trade openness is measured by the total exports and

imports of a country to its GDP (Waguespack et al., 2005) and fixed

investment data collected from Refinitiv Eikon. All values are in U.S.

dollars. Following prior research (Furman et al., 2002; Waguespack et

al., 2005), we applied the Ln to all variables to enhance their normal-

ity.

Analysis technique

Given the hierarchical nature of our data (i.e., quarterly observa-

tions nested in each country), we adopted the HLM technique to test

the proposed hypotheses (Hofmann, 1997; Raudenbush & Bryk,

2002). The multilevel technique partitions variations in the depen-

dent variable, that is, BI, into within-(level 1) and between-country

(level 2) variance components and offers statistical tests if there are

factors that explain these components. According to Hofmann

(1997), when examining level-1 relationships, the HLM technique

considers the possible influence of the data structure at level 2:

Hence, we suggested that the proposed technique allows us to obtain

unbiased results regarding the level-1 relationships between differ-

ent types of policy uncertainty and BI within a country.

In this study, we used the linear mixed model module in IBM SPSS

Statistics 28 to perform HLM. In this SPSS module, we specify the

country as a subject variable and use restricted maximum likelihood as

the estimation method. We began our analysis with a null model that

examines whether within- and between-country variance compo-

nents exist in the BI. We then formulated different random coefficient

models to examine whether the policy uncertainty variables EPU and

UCRY Policy explain the within-country variations in BI while con-

trolling for time, GDP, investment, and trade openness. In addition,

following previous research (e.g., French et al., 2007; Janssen, 2012;

McQuaid et al., 2012), we used Akaike’s Information Criterion (AIC) to

compare the suitability between models, in which a lower AIC indi-

cates a better model suitability.

Results

Table 1 shows the descriptive statistics and correlations between

the variables of interest. The table indicates that BI is positively corre-

lated with EPU (r = 0.51 and p <0.001) and UCRY Policy (r = 0.41 and p

< .001). These significant correlations offer initial support for hypoth-

eses 1 and 2. Moreover, we observed that BI correlated positively

with three control variables: GDP (r = 0.47 and p < .001), investment

(r = 0.52 and p <0.001), and time (r = 0.77 and p < .001). Meanwhile,

we observed an insignificant correlation with trade openness

(r = �0.07 and p = .29).

Our HLM analysis began with a null model in which there was no

predictor or control variable (Hofmann, 1997). As we estimated this

null model, we obtained the Level 1 (s2 = 2.912, SE = 0.266, and p <

.001) and Level 2 (s= 1.421, SE = 1.047, and p = .175) variance compo-

nents in BI. We computed the intraclass correlation coefficient (ICC)

as t / (s2 + t) that represents the percentage of total variance compo-

nent that is accounted for by country-level characteristics (Hofmann,

1997; LeBreton & Senter, 2007). Using the ICC formula, we obtain an

ICC value of 0.328. Overall, with an ICC value > 0.10, we followed pre-

vious research to continue using the HLM technique despite the

insignificant level-2 variance component (e.g., Lee, 2000; Luu & Free-

man, 2011).

Next, we inserted time, GDP, investment, and trade openness as

control variables in Model 1 (Table 2). Table 2 shows that time

(B = 0.105, SE = 0.007, and p < .001), GDP (B = 1.437, SE = 0.547, and

p = .009), and trade openness (B = �2.406, SE = 1.113, and p = .032)

were significantly related to BI.2 In this respect, BI changes over time

as a function of the GDP and trade openness in each country. More-

over, the addition of time, GDP, investment, and trade openness leads

to a significant improvement in model fit (AIC = 441.741) compared

to the null model (AIC = 975.573) (Table 2).

Table 1

Descriptive statistics and correlation table.

Variable M SD N 1 2 3 4 5 6

1. BI (Ln) 2.41 2.01 245 −

2. EPU (Ln) 4.95 .44 245 .51** −

3. UCRY Policy (Ln) 4.61 .01 145 .41** .14 −

4. GDP (Ln) 13.95 1.04 206 .47** .18** .03 −

5. Investment (Ln) 12.63 1.10 245 .52** .30** .03 .96** −

6. Trade Openness (Ln) �0.88 .36 245 �0.07 .01 �0.01 �0.75** �0.60** −

7. Time 25 14.17 245 .77** .27** .57** .09 .09 .01

BI − Blockchain Innovation; EPU − Economic Policy Uncertainty; UCRY Policy − Crypto Policy Uncertainty; GDP −

Gross Domestic Product.

1 More detailed information about the methodology can be found here https://

www.policyuncertainty.com/methodology.html

2 It should be noted that in model 1, we also explore if the effects of Time, GDP,

Investment, and Trade Openness are different across countries. We do so by estimating

the random effects of these variables in the mixed model module. However, the results

indicate no supporting evidence for such random effects in explaining BI. Overall,

because of these results, coupled with the insignificant between-country variance

component in BI from the null model, we decide not to examine the random effects of

the predictors in the subsequent models.
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To provide an estimate of the effect size, we computed the pseudo

R2 by referring to the percentage of the variance component in the

dependent variable that has been explained by the addition of new

predictor(s) (Hammer et al., 2004; Hofmann, 1997; Singer, 1998).

Since we were interested in level-1 relationships only, the pseudo R2

in model 1, for instance, can be computed by the following formula:

(s2
null model - s

2
model 1) / s2

null model whereby the s
2 values are

reported in Table 2. Substituting s
2 values into the formula yields a

Pseudo R2 value of 0.854.

To test our hypotheses, we inserted the EPU and UCRY Policy into

Models 2a and 2b, respectively (Table 2). As estimated for Model 2a,

we observed empirical support for the relationship between EPU and

BI (B = 0.410, SE = 0.126, and p = .001). Thus, when controlling for

time, GDP, investment, and trade openness, more EPU leads to a

higher BI in a country. In terms of Pseudo R2, EPU explains an addi-

tional 3.3% of the variance component in BI in Model 1. Therefore,

Hypothesis 1 is supported. Similarly, the results from estimating

Model 2b indicate that the UCRY Policy is positively related to BI

(B = 19.336, SE = 5.366, and p < .001). When controlling for time,

GDP, investment, and trade openness, more UCRY Policy is related to

a higher BI. In terms of Pseudo R2, UCRY policy explains an additional

58.3% of the variance component in BI from Model 1. Therefore,

Hypothesis 2 is supported. Overall, the addition of the EPU and UCRY

policy improved the fit of Model 2a (AIC = 434.351) and Model 2b

(AIC =169.529), respectively, compared to that of Model 1

(AIC = 441.741) (Table 2).

Moreover, we were also interested in examining the effect of EPU

on BI in the presence of the UCRY Policy (and vice versa). This

examination helps us conclude whether the effect of EPU on BI is

substituted by the UCRY Policy, as postulated in Hypothesis 3. To do

so, we estimated a model with EPU and UCRY Policy as predictors of

BI (Model 3), while controlling for time, GDP, investment, and trade

openness. The results from Model 3 indicate no empirical support for

the relationship between EPU and BI (B = �0.208, SE = 0.127, and

p = .103). Meanwhile, the results show that, in this case, the UCRY

Policy is positively related to BI (B = 18.450, SE = 5.333, and p < .001).

Moreover, we observed no significant difference in terms of the fit

index AIC and Pseudo R2 between model 3 and 2b (Table 2). In sum-

mary, the results indicate that the influence of the UCRY Policy on BI

highly substitutes for that of EPU. Therefore, Hypothesis 3 is sup-

ported.

Additional analyses with Blockchain Innovation (T+1) and Blockchain

Innovation (T+4) and GDP growth rate

To examine the robustness of our findings, we performed three

additional analyses with BI of the subsequent quarter (T+1) (Table 3)

and subsequent year (T+4) (Table 4) as an alternative dependent vari-

able and GDP growth rate as an alternative control variable (Table 5).

This addresses the concern that the innovation process takes time.

Therefore, policy uncertainty may also influence BI over a longer

timeframe. The results of these analyses confirm the significant influ-

ence of time and GDP on (T+1) BI and (T+4) BI. Moreover, with respect

to Hypotheses 1 and 2, we observed a significant positive association

between EPU (or the UCRY Policy) and BI from both analyses. Regard-

ing Hypothesis 3, our analyses indicate that in the presence of the

Table 2

Hypothesis testing.

Dependent variable = Blockchain Innovation

Variable Null Model 1 Model 2a Model 2b Model 3

Time .105***(0.007) .101***(0.006) .128***(0.008) .136***(0.009)

GDP (Ln) 1.437**(0.547) 1.402**(0.535) 2.00*(0.815) 2.033*(0.812)

Investment (Ln) �0.189(0.755) �0.190(0.685) 1.171(0.832) 1.161(0.834)

Trade Openness (Ln) �2.406*(1.113) �0.950(1.112) .785(1.201) �0.180(1.336)

EPU (Ln) .410**(0.126) �0.208(0.127)

UCRY Policy (Ln) 19.336***(5.366) 18.450***(5.333)

Level - 1 VC (s2) 2.912***(0.266) .424***(0.043) .410***(0.042) .177***(0.026) .174***(0.023)

Level - 2 VC (t) 1.421(1.047) 4.428(3.594) 2.30(2.117) 7.538(7.804) 9.490(8.950)

Pseudo R2
− .854 .033 a .583 a .590 a

Model fit (AIC) 975.573 441.741 434.351 169.529 169.198

Note: *** p <0.001; ** p < .01, * p < .05; a in comparison to the model 1.

Standard errors are reported in parentheses.

GDP: Gross Domestic Product; EPU: Economic Policy Uncertainty; UCRY Policy: crypto-policy uncertainty; AIC: Akaike’s

Information Criterion; VC: Variance Component.

The sample size (N) in Models 1 and 2a was 206; however, it was reduced to 126 in Models 2b and 3 after matching with the

UCRY dataset.

Table 3

Additional analysis with Blockchain Innovation (T+1) as dependent variable.

Dependent variable = Blockchain Innovation (T+1)

Variable Null Model 1 Model 2a Model 2b Model 3

Time .105**(0.006) .102***(0.006) .127***(0.008) .131***(0.009)

GDP (Ln) 1.289*(0.540) 1.263*(0.529) 2.332**(0.811) 2.332**(0.813)

Investment (Ln) .254(0.742) .178(0.665) 1.575(0.834) 1.554(0.838)

Trade Openness (Ln) �1.727(1.098) �0.327(1.089) 1.814(1.197) 1.350(1.340)

EPU (Ln) .40**(0.125) �0.10(0.127)

UCRY Policy (Ln) 14.209**(5.298) 13.814*(5.321)

Level - 1 VC (s2) 2.885***(0.266) .414***(0.042) .402***(0.041) .173***(0.023) .173***(0.023)

Level - 2 VC (t) 1.453(1.070) 4.102(3.471) 1.996(2.002) 10.629(10.039) 11.353(10.506)

Pseudo R2
− .856 .029 a .582 a .582 a

Model fit (AIC) 953.852 436.835 429.761 167.587 169.267

*** p <0.001; ** p < .01, * p < .05; a in comparison to the model 1.

Standard errors are reported in parentheses.

GDP: Gross Domestic Product; EPU: Economic Policy Uncertainty; UCRY Policy: crypto-policy uncertainty; AIC: Akaike’s

Information Criterion; VC: Variance Component.
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UCRY Policy, EPU is no longer significant in predicting (T+1) BI

(Table 3, Model 3). Moreover, while there is supporting evidence for

the influence of the UCRY’s policy on (T+4) BI, we observed that the

influence of EPU on (T+4) BI is significant (p = .04), but the EPU’s coef-

ficient is smaller than that of Model 2a (Table 4, Model 3), indicating

partial support for the substitution role of the UCRY’s policy. Overall,

the results are generally consistent with the findings presented in

Table 2. We also used the GDP growth rate as an alternative control

variable, as prior research shows a positive correlation between the

GDP growth rate and innovation (Amsden & Mourshed, 1997). Con-

sistent results were obtained (Table 5). Please refer to Tables 3-5 for

details on the variable coefficients, significance levels, and other

parameters.

Discussion and implications

This study investigates the impact of EPU and UCRY on BI since

the invention of Bitcoin and blockchain technology. We found several

important results. First, we provide evidence that EPU is associated

with more BI across all examined countries, while controlling for the

effects of time, GDP, investment, and trade openness. This finding

highlights the positive impact of EPU, which is consistent with sev-

eral recent studies on innovation (Guan et al., 2021; He et al., 2020;

Xu & Yang, 2021). According to He et al. (2020), although investment

in innovation tends to be irreversible, innovation costs can be much

lower than the cost of losing future market power or competitive-

ness. The cost of losing market power can be even greater in the

blockchain context, given that blockchain is considered a technology-

intensive and competitive industry that is evolving rapidly (Daim et

al., 2020). Overall, these rationales could explain why EPU does not

hinder innovation but instead encourages people to increase their

innovation and gain more competitive advantages in technological

fields, such as blockchain.

Second, we found a similar result for UCRY Policy: a positive rela-

tionship between UCRY Policy and BI across countries. To the best of

our knowledge, this is the first study to examine the link between

the EPU and UCRY Policy and BI, extending the policy uncertainty

and innovation literature. The consistent results for both policy

uncertainty indicators strengthen our findings on the positive impact

of policy uncertainty on BI. We support Liu and Tsyvinski’s (2021)

finding that crypto-specific factors are important for explaining

crypto-related phenomena. Our findings are robust to additional tests

using different time lags and alternative control variables.

Third, we found evidence that, compared to EPU, UCRY Policy is

more important in explaining BI, as assessed by the total number of

blockchain patents in the country. In terms of Pseudo R2, while EPU

only explains an additional 5.1% of the variance component in BI

from Model 1, the UCRY Policy explains up to 58.4% (see Models 2a

and 2b, Table 2). We also found supporting evidence for the potential

substitution effect of the UCRY Policy. Specifically, when we merge

EPU with Model 2b of the UCRY’s policy and BI, the effect of EPU on

BI becomes insignificant (Model 3, Table 2). Moreover, the R2 value

did not change significantly (from 0.584 to 0.591). This finding is con-

sistent with that of Dai et al. (2022), who also shows that crypto-spe-

cific uncertainty can predict co-crashes in the stock and

cryptocurrency markets, whereas EPU cannot. The UCRY Policy is

more relevant, as it is uncertain in cryptocurrency policy, whereas

EPU is highly concerned with macroeconomic policy uncertainty.

Table 4

Additional analysis with Blockchain Innovation (T+4) as a dependent variable.

Dependent variable = Blockchain Innovation (T+4)

Variable Null Model 1 Model 2a Model 2b Model 3

Time .116***(0.006) .113***(0.006) .140***(0.007) .129***(0.009)

GDP (Ln) 1.039*(0.491) 1.02*(0.481) �0.318(0.780) �0.153(0.743)

Investment (Ln) .591(0.686) .510(0.628) 1.711*(0.726) 1.587*(0.671)

Trade Openness (Ln) �1.542(1.003) �0.329(1.01) .957(1.018) 1.792(0.943)

EPU (Ln) .356**(0.114) .266*(0.127)

UCRY Policy (Ln) 15.276**(5.768) 16.425**(5.745)

Level - 1 VC (s2) 2.852***(0.272) .341***(0.034) .331***(0.034) .208***(0.027) .205***(0.027)

Level - 2 VC (t) 1.514(1.116) 3.993(3.339) 2.124(2.05) .752(0.927) .443(0.473)

Pseudo R2
− .88 .029 a .390 a .399 a

Model fit (AIC) 892.751 398.417 391.856 181.06 179.229

*** p <0.001; ** p < .01, * p < .05; a in comparison to the model 1.

Standard errors are reported in parentheses.

GDP: Gross Domestic Product; EPU: Economic Policy Uncertainty; UCRY Policy: crypto-policy uncertainty; AIC: Akaike’s

Information Criterion; VC: Variance Component.

Table 5

Additional analysis with GDP growth rate as a control variable.

Dependent variable = Blockchain Innovation

Variable Null Model 1 Model 2a Model 2b Model 3

Time .107***(0.007) .104***(0.006) .138***(0.007) .144***(0.009)

GDP Growth 2.448(1.503) 2.316(1.475) �2.222(1.315) �2.210(1.297)

Investment (Ln) 1.253(0.614) 1.132(0.506) 1.80(0.478) 2.079**(0.587)

Trade Openness (Ln) �3.227**(1.096) �1.392(1.078) .753(1.079) �0.231(1.277)

EPU (Ln) .455***(0.128) �0.189(0.128)

UCRY Policy (Ln) 21.916***(5.490) 20.986***(5.442)

Level - 1 VC (s2) 2.912***(0.266) .428***(0.044) .412***(0.042) .188***(0.026) .183***(0.025)

Level - 2 VC (t) 1.421(1.047) 4.907(4.142) 1.985(2.164) 1.539(2.797) 3.468(4.209)

Pseudo R2
− .853 .037 .561 .572

Model fit (AIC) 975.573 431.547 422.560 170.213 170.554

*** p <0.001; ** p < .01, * p < .05; a in comparison to the model 1.

Standard errors are reported in parentheses.

GDP Growth − quarterly growth rate of Gross Domestic Product; EPU: Economic Policy Uncertainty; UCRY Policy: crypto-pol-

icy uncertainty; AIC: Akaike’s Information Criterion; VC: Variance Component.
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Statistics show that the cryptocurrency market reacts strongly to

changes in cryptocurrency regulations. For example, changes in cryp-

tocurrency regulations by the South Korean and Chinese govern-

ments significantly influenced the Bitcoin prices in early 2018

(Corbet et al., 2019).

This study had several important practical implications. We eluci-

date the positive aspect of policy uncertainty in the blockchain con-

text; that is, policy uncertainty represents positive signals for BI.

During periods of high policy uncertainty, especially UCRY Policy, the

motivation for people/firms to innovate outweighs their caution (i.e.,

wait-and-see behaviors). This could be due to the pressure to inno-

vate to survive and compete in a highly competitive and technology-

intensive blockchain industry, which consequently leads to a high

level of BI in the country. Thus, policy uncertainty is not always a

“bad” thing in the cryptocurrency market. These findings are relevant

for investors and policymakers. In particular, during or after periods

of high policy uncertainty, more BI emerges, implying more changes

and growth in the blockchain industry. Therefore, policymakers

should adopt appropriate strategies to address these potential

changes. Similarly, investors should be aware of such trends in order

to adjust their investment strategies. As discussed previously, policy

alignment is a major concern in the cryptocurrency market, as the

market evolves quickly (Corbet et al., 2019). High policy uncertainty

can change the cryptocurrency market faster because of the high

level of BI, as found in our study. This could provide insights for poli-

cymakers to formulate relevant regulations for the cryptocurrency

market.

Despite its significant contributions, our study has some limita-

tions that should be addressed in future research. First, our sample

size was sufficient to test the hypotheses according to the rule of

thumb of ten observations per predictor in the HLM analysis (Hof-

mann, 1997). Despite this, we acknowledged that our sample size is

relatively modest for the following reasons: (1) blockchain technol-

ogy is relatively new (e.g., Bitcoin−the first blockchain was intro-

duced in 2009), we have decided to collect patent data since 2010,

(2) the innovation process takes time, thus, we use quarterly data

instead of shorter periods, such as weekly or monthly data, and (3)

although we collect blockchain patents globally, only five countries,

including Australia, China, Korea, Japan, and the United States, have

sufficient data for analysis when we combine it with the EPU and

UCRY Policy databases. We expect that in the near future, many more

blockchain patents will be applied for and granted in other countries;

therefore, future research can extend our study. Second, we call for

further research to examine the potential mediators or moderators of

the relationship between policy uncertainty and BI to understand the

underlying mechanisms better and/or factors that can strengthen or

weaken this relationship. Third, future studies can explore various

types of uncertainty (e.g., climate-policy uncertainty (Gavriilidis,

2021) and cryptocurrency price uncertainty (Lucey et al., 2022)) and

how they influence BI.
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