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A B S T R A C T

Readiness, riskiness, and renewables appear to form a “tripartite symbiosis” in the clean energy realm. Previous 
research underscores the significance of readiness as a prerequisite for a nation’s advancement toward sus
tainable energy, urging careful navigation of uncertainties within this framework. Our research expands upon 
existing literature by delving into how country-level readiness influences a country’s innovation in renewable 
energy in the face of uncertainty. Employing panel fixed effect threshold regression with four distinct models, we 
analyze this dynamic across 65 countries, representing both advanced and emerging economies. The results 
validate the presence of an uncertainty threshold effect across all model regressions, confirming a non-linear 
relationship among uncertainty, country-level readiness, and renewable energy innovation. Overall country- 
level readiness, along with its components—economic and social readiness—individually fosters renewable 
energy innovation under low uncertainty. However, this positive influence weakens as uncertainty exceeds the 
threshold. Conversely, governance readiness exerts a negative impact on renewable energy innovation under low 
uncertainty, with its detrimental effects becoming more significant at higher levels of uncertainty. The lagged 
uncertainty has a significant negative association with renewable energy innovation. Policymakers and investors 
should prioritize developing country level readiness to successfully manage the potential negative influence of 
uncertainties on renewable energy innovation.

1. Introduction

Our world is evolving fast toward a futuristic society distinguished 
by a robust science, technology and innovation ecosystem, aligning with 
the vision of Society 5.0 [1]. Renewable energy emerges as a pivotal 
component in this transition toward a sustainable future [2]. Driven by 
environmental degradation and normative pressures from global au
thorities, renewable energy has become a dominant trend in contem
porary energy policies. As the energy sector shifts toward sustainability 
and low-carbon solutions, the critical role of renewable energy inno
vation is increasingly recognized [3,4]. Nevertheless, innovation within 
the renewable energy sector is inherently complex, shaped by key 
drivers such as the Kyoto Protocol, investments in research and devel
opment, and the expansion of renewable energy capacity. UN Trade and 

Development [5] underscores the positive impact of country-level 
technology readiness on renewable energy development, urging gov
ernments, businesses, and the international community to strengthen 
their capacity and readiness to fully capitalize on the opportunities 
presented by the emerging technological revolution. Fig. 1 confirms that 
country-level readiness drives renewable energy innovation.

While the national innovation ecosystem and its readiness are 
essential for renewable energy innovation, technological development 
and innovation almost always unfold in conditions of uncertainty. Such 
uncertainty can impose substantial constraints while also creating op
portunities for technological innovation, especially in the context of 
radical and frontier technologies [6]. Given its amorphous nature, un
certainty appears to evolve over time, exerting a more significant 
macro-level impact on developing countries compared to developed 
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ones, with particularly severe consequences in the short run [7]. 
Contemporary literature [8,9] examines the relationship between 
macro-level uncertainty and renewable energy innovation from both 
linear and non-linear perspectives, offering mixed evidence. Simulta
neously, literature also offers policy prescriptions for enhancing 
country-level readiness to promote renewable energy innovation under 
conditions of uncertainty. However, there is limited understanding of 
how country-level readiness contributes to, or even whether and how it 
influences renewable energy innovation under uncertainty. Fig. 2 shows 
the non-linear relationship between world uncertainty and renewable 
energy innovation.

Building on this background, this study seeks to address this gap by 
examining the role of country-level readiness in driving renewable en
ergy innovation across different uncertainty regimes. Our study directly 
addresses several United Nations Development Goals (SDGs), notably 
SDG 7 (Affordable and Clean Energy), SDG 9 (Industry, Innovation and 
Infrastructure), and SDG 13 (Climate Action). First, by demonstrating 
how country-level readiness influences renewable energy innovation 
under uncertainty, we promote SDG 7.a (enhancing international 
cooperation to facilitate access to clean energy research and technol
ogy). Through heterogeneity analysis, we further elucidate how readi
ness differentially affects innovation across contexts, providing 
actionable insights for SDG 9.5 (enhancing scientific research, upgrade 
the technological capabilities of industrial sectors in all countries, in 

particular developing countries). Finally, our findings support SDG 13.2, 
which emphasizes the integration of climate change measures into na
tional policies and planning.

To this end, we analyze a panel dataset covering 65 countries, both 
advanced and emerging, from 1995 to 2020. We use patents related to 
environmental technologies as a measure of renewable energy innova
tion, as patents are widely recognized as a reliable indicator of tech
nological sophistication and innovation [10,11]. Our patent data is 
sourced from the OECD patent database. To measure uncertainty, we 
utilize the World Uncertainty Index (WUI), developed by Ahir, Bloom & 
Furceri [12]. For country-level readiness, we utilize the ND-GAIN 
dataset [13], which has been available since 1995, specifically devel
oped to measure a country’s capacity for climate change adaptation. We 
apply the panel threshold regression model proposed by Hansen [14] to 
test whether and how renewable energy innovation is influenced by 
country-level readiness during times of uncertainty using uncertainty as 
the threshold variable and country-level readiness as the regime 
dependent variable.

Our study provides compelling evidence of threshold effect of un
certainty on the relationship between country-level readiness, including 
its individual dimensions of economic, governance, and social readiness 
and renewable energy innovation. The positive coefficient estimates for 
overall country-level readiness (2.43 to 2.01), economic readiness (0.89 
to 0.65), and social readiness (2.89 to 2.46), along with the negative 
estimates for governance readiness (− 1.83 to − 2.4) are observed across 
the entire sample, with the effect varying from low to high uncertainty 
regimes. The lagged effect of uncertainty exhibits a significant negative 
association with renewable energy innovation in this study. Almost 
similar patterns emerge in country-group heterogeneity and post-Kyoto 
Protocol period threshold analyses, where a threshold effect is present. 
This study contributes to the literature by extending Hansen’s [14] 
model to a novel and timely context-the interplay of uncertainty, 
country-level readiness, and renewable energy innovation.

The remainder of the paper is structured as follows. Section 2 reviews 
the relevant literature and highlights this study’s contributions. Section 
3 describes the research design, while Section 4 discusses the empirical 
results. Section 5 presents the discussions and future policy implications 
of the study. Section 6 concludes the paper.

2. Literature review

Empirical literature [15,16] identifies readiness as essential con
structs for the development of emerging technologies and Education 4.0. 
Readiness is a multidimensional construct characterized by its multi
level effectiveness and dynamic, process-driven agility. Alternatively, 
readiness denotes complex interactions of parameters and conditional
ities required to uptake a phenomenon [17]. Recognizing the signifi
cance of readiness for adaptation, the Notre Dame Global Adaptation 
Initiative asserts that country-level readiness is critical for leveraging 
investments for climate change adaptation [18].

Renewable energy as an adaptation strategy needs innovation to 
tackle more challenging sectors for decarbonization, such as long-haul 
transportation and energy-intensive industrial processes [19]. Effec
tive climate change responses demand innovation, which represents 
human adaptation to evolving needs and socio-economic conditions, 
inherently rooted in social processes [20]. However, technological de
velopments in advanced technologies are characterized by complexity 
and uncertainty [21]. The uneven distribution of technologies can be 
seen as a reflection of technology-related uncertainty [22]. New in
novations in renewable energy cannot succeed without the support of 
entrepreneurs willing to act despite uncertainty [23]. The literature 
predominantly examines the impact of readiness and uncertainty on 
renewable energy innovation from a fragmented perspective, despite 
significant emphasis on their interconnections.

Fig. 1. Country-level readiness and renewable energy innovation for the study 
sample.
Source: Authors’ construction.

Fig. 2. World uncertainty and renewable energy innovation.
Source: Authors’ construction.
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2.1. Renewable energy innovation and country-level readiness

Readiness is the current hymn in climate dialogue and a prime factor 
in attracting renewable energy technology investment to a country [24]. 
A country’s readiness for renewable energy reflects its preparedness in 
terms of infrastructure, institutions, and human capital for the deploy
ment and development of renewable energy sources. International 
Renewable Energy Agency (IRENA) defines renewables readiness 
assessment as “a comprehensive assessment of key conditions for 
renewable energy technology development and deployment in a coun
try, and the actions necessary to further improve these conditions”. In 
2013, IRENA introduced its flagship policy program, ’Renewables 
Readiness Assessment (RRA)’ to assist member nations in resource and 
technology development and the ability to scale up renewable energy 
[25].

Building readiness should be an ongoing process that fosters inno
vation and adaptation [26]. The knowledge production function 
framework explicitly considers infrastructure and institutions as a 
crucial component of technological innovation. Regions where knowl
edge externalities, including R&D, human capital, and university 
research, are significant tend to generate more knowledge than those 
where these factors are less prominent [27]. Empirical works [28,29] 
extensively highlight the importance of removing technological, finan
cial and institutional barriers, alongside leveraging global support, to 
enhance countries’ capacity for renewable energy innovation and 
development. Unfortunately, government supports and commitments to 
renewable energy research and development vary vastly across the 
globe [30]. Considering technological, social, political/regulatory, and 
economic dimensions across fourteen countries, it was found that Swe
den has the most favorable conditions for renewable energy transition, 
followed by Western Europe and Canada [31]. Similarly, the United 
Arab Emirates (UAE) emerged as the most suitable country for renew
able energy system development, with the Kingdom of Saudi Arabia 
(KSA) as the second-best choice in GCC countries [32].

Country-level systems and support significantly influence innovation 
and learning processes [33]. Empirical evidence demonstrates that 
public research and development expenditure positively contributes to 
the photovoltaic power generation (PV) innovation in Japan [34]. In 
China, the optimization of wind and solar innovation can be achieved by 
addressing technology readiness within long-term renewable energy 
planning [35]. While corruption does not appear to directly impact 
innovation, democratic institutions may foster a conducive environment 
for renewable energy innovation [36]. Scholars [37,38] also emphasize 
the importance of fostering both technical and societal conditions for 
developing renewable energy technologies to ensure the balanced 
diffusion of renewable energy systems within a country.

2.2. Renewable energy innovation and uncertainty

While renewable energy technology is environmentally friendly, it is 
also subject to uncertainty [39]. Renewable energy systems are partic
ularly vulnerable to high levels of uncertainty [40], though it may 
stimulate longer-run innovation [7]. However, the recognition of un
certainty in technological innovation literature is limited. Recently, a 
group of scholars have begun to explore this dynamic, providing varied 
results. Energy policy uncertainty tends to suppress the overall renew
able R&D investment while redirecting expenditures toward renewable 
energy efficiency research [41]. However, Bettarelli et al. [42] argue 
that increased uncertainty results in a long-term decline in green inno
vation, as reflected in the number of new green energy patent applica
tions. Similarly, the negative impact of economic policy uncertainty on 
renewable energy innovation is observed across all quantiles in G7 
countries [43]. In contrast, amid rising geopolitical risks and un
certainties, governments are scaling up investments in renewable energy 
research and development [44].

2.3. Emerging trends in renewable energy innovation, readiness and 
uncertainty

Recent advancements in renewable energy systems demand inno
vation driven by improved access to untapped energy resources, trends 
toward grid decentralization, the expansion of utility-scale energy 
storage, and the economic synergies of co-located, multi-purpose in
stallations [45]. Virtual Power Plants (VPPs) address these evolving 
needs by providing a platform for competitive, renewable-based energy 
development that rivals traditional power plants in efficiency and flex
ibility [46]. Moreover, VPPs establish innovative economic incentive 
structures that benefit a range of stakeholders, including micro-DER 
owners, prosumers, and system operators, simultaneously accelerating 
renewable adoption and sustaining innovation in both technology and 
market design [47]. However, the integration of renewables into the 
energy mix introduces inherent supply-side uncertainty [48], com
pounded by broader macroeconomic and policy uncertainties. There
fore, comprehensive readiness, including targeted policy support, 
financial incentives, workforce training and public education is essential 
to foster technological innovation and improve interoperability across 
distributed energy systems [49].

So, the literature reveals a nonlinear relationship in the triadic as
sociation of renewable energy innovation, readiness, and uncertainty, 
which collectively drive structural adjustments over the long term. The 
impact of structural changes driven by readiness and uncertainty on 
renewable energy innovation has predominantly been examined in 
isolation, often within narrower scopes in the existing literature. How
ever, a comprehensive joint analysis is essential, as readiness becomes 
particularly critical during times of crisis or uncertainty. Readiness en
capsulates both the capacity and motivation necessary to effectively 
undertake tasks and adapt in complex informational environments and 
changing sociopolitical contexts [50]. Strategic readiness holds the po
tential to mitigate the systemic disruptions caused by uncertainty, 
providing a stabilizing framework for adaptive responses [51]. Based on 
this, we posit that country-level readiness will generally be positively 
associated with renewable energy innovation, though this relationship 
may weaken, become insignificant, or even turn negative in the presence 
of severe uncertainty.

Broadly, we can propose the following three hypotheses: 

H1: There is a threshold effect of uncertainty, beyond which the 
relationship between country-level readiness and renewable energy 
innovation changes.
H2: In regimes of low uncertainty, country-level readiness contrib
utes more to the renewable energy innovation.
H3: In regimes of high uncertainty, the relationship between country- 
level readiness and green innovation weakens, becomes insignifi
cant, or turns negative.

3. Model specification and data description

3.1. Renewable energy innovation

In this study, we utilize patents as a proxy for renewable energy 
innovation, sourcing patent data from the OECD patent database, 
renowned for its extensive and reliable coverage. Patents provide a 
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robust measure for evaluating the external impact of knowledge inter
nationally on domestic innovation [52]. Our analysis specifically focuses 
on the total number of patent applications related to environmental 
technologies.2 Consistent with prior research [42,52], we examine pat
ent applications rather than granted patents, as the process of granting 
patents is often prolonged and varies across countries. Furthermore, we 
link patents to the inventors’ country of residence, as our focus is on the 
process of renewable energy knowledge generation at the national level. 
Our patent data is annual and spans from 1995 to 2020, encompassing a 
diverse range of advanced and emerging economies. Fig. 3 presents the 
annual total number of patents for all countries combined according to 
environmental technologies, included in our study since 1995. A list of 
the countries included in our analysis is provided in Appendix A.

3.2. Country-level readiness

The Notre Dame Global Adaptation Initiative (ND-GAIN) index 
provides country-level readiness scores for 190 countries annually since 
1995. These scores measure a country’s readiness for climate change 
adaptation, encompassing three key components: economic readiness, 
governance readiness, and social readiness. The overall readiness score 
ranges from 0 to 1, with higher values indicating greater adaptability to 
climate change. Economic readiness evaluates the investment climate 
and the capacity to mobilize private sector capital, using 10 indicators 
from the World Bank’s Doing Business report. Governance readiness 
measures societal stability and institutional frameworks affecting in
vestment risks, incorporating four indicators: political stability and 
absence of violence, control of corruption, rule of law, and regulatory 
quality. Social readiness assesses factors that enable efficient and equi
table use of investments, based on four indicators: social inequality, ICT 
infrastructure, education, and innovation. The overall readiness score is 
derived by averaging the equally weighted scores of the three compo
nents, providing a comprehensive assessment of a country’s capacity to 
utilize investments for adaptation. Detailed information on the meth
odology for calculating readiness is available on the ND-GAIN website.3

3.3. World uncertainty index

Our study uses country-level uncertainty data from the website of 
world uncertainty index.4 The World Uncertainty Index is an instrument 
that tracks uncertainty worldwide by text mining the country reports 
that the Economist Intelligence Unit publishes. It is the first compre
hensive attempt to create a panel of uncertainty indices for a broad 
range of both developed and developing nations. This index captures 
uncertainty arising from various economic and political events, 
encompassing both short-term factors (such as election-related uncer
tainty) and long-term issues (including the withdrawal of international 
forces from Afghanistan or tensions between North and South Korea). To 
ensure comparability across countries, the raw counts of uncertainty- 
related terms are normalized by the total word count in each report 
(measured in thousands of words). The annual average value of the 
index is used as a proxy for uncertainty in our study. Full disclosures on 
the index are available on the website of the World Uncertainty Index.

3.4. Control variables

This study controls three key variables influencing renewable energy 
innovation, drawing from previous research. First, renewable energy 
technologies, like other emerging technologies, require substantial in
vestment and face lengthy, uncertain development processes [53]. As a 
result, high-income countries (GDP) are expected to have a stronger 
positive impact on renewable energy innovation [54]. Conversely, 
economic growth (GDP) may present challenges to renewable energy 
innovation within the framework of sustainable development [55]. 
Secondly, international trade can facilitate access to high-quality, reli
able, and cost-effective technologies while also exposing countries to 
institutional pressures to adopt sustainable practices. Trade stimulates 
domestic innovation in renewable energy by channeling signals of 
increasing environmental stringency from outside [56]. Thirdly, CO2 
emissions are the primary driver of global warming, underscoring the 
critical need for renewable energy. The innovation process in renewable 
energy represents an active and strategic response to climate change 
[57]. GDP per capita (PPP, constant 2017$) and trade openness data are 
sourced from the World Bank, while carbon emissions per capita data is 
obtained from Our World in Data.

3.5. Study design

The study uses the panel threshold regression models, as proposed by 
Hansen [14] to capture the non-linear relationship in the triadic inter
play among renewable energy innovation, country-level readiness and 
uncertainty. The model identifies distinct regimes based on a threshold 
variable, allowing the effects of key explanatory variables to vary across 
regimes. Such a method is particularly suited to analyzing relationships 
that are influenced by structural changes in contextual factors such as 
macroeconomic conditions, policy environments, or external shocks 
[58,59]. Under the model, for a balanced panel data set {yit, qit, xit: 1 ≤

i≤ n, 1 ≤ t ≤ T}, the single threshold regression model is given by: 

Yit = μi + β1xitI(qit ≤ γ) + β2xitI(qit > γ) +
∑K

k=3
βkRit + eit (1) 

The corresponding indicator functions for the single threshold model 
are defined as follows: 

I(qit ≤ γ) =
{

1, if qit ≤ γ
0, if qit > γ ; I(qit > γ)=

{
1, if qit > γ
0, if qit ≤ γ 

The subscript i denotes the individual, and t represents the time. The 
variable yit is the dependent variable, while μi captures the unobserved 
individual-specific effect, reflecting the individual’s fixed effect. xit 
represents the k-dimensional vector explanatory variable, and qit is the 
threshold variable. The function I(.) is the indicator function, which 
takes the value of 1 when the condition is met and 0 otherwise. Rit is the 
set of control variables, and eit is the error term, assumed to follow an 
independent and identically distributed process. The individual effects 
are removed by subtracting the group-specific mean from each obser
vation in the model. The transformed version of Eq. (1) is: 

yʹ
it = β1xʹ

it I(qit ≤ γ) + β2xʹ
it I(qit > γ) +

∑K

k=3

βkRit + eʹ
it (2) 

The data are then aggregated and stacked across all individuals and 
expressed as: 

Y ∗ = X ∗ (γ)β + e∗ (3) 

For any given threshold γ, the slope coefficient β can be estimated 
using ordinary least squares (OLS) for long-term estimation. The esti
mation equation is given by: 

β̂ˆ(γ) = (X∗(γ)́X∗(γ))− 1X∗(γ)́Y∗ (4) 

2 The environment technologies considered in this study are:1-Capture, 
storage, sequestration or disposal of greenhouse gases; 2-Climate change miti
gation technologies in the production or processing of goods; 3-Climate change 
mitigation technologies related to buildings; 4-Climate change mitigation 
technologies related to energy generation, transmission or distribution; 5- 
Climate change mitigation technologies related to transportation; 6-Cclimate 
change mitigation technologies related to wastewater treatment or waste 
management; 7-Environmental management.

3 https://gain.nd.edu/our-work/country-index/
4 https://worlduncertaintyindex.com/
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The corresponding vector of regression’s residual is: ê*(γ) =Y*-X* 
(γ) β̂ (γ) and the residual sum of squares is then computed as: S1(γ)
= ê∗

(γ)́ ê∗
(γ). The model works by using bootstrap methods to identify 

threshold effects, approximating the distribution under the null hy
pothesis. This enables researchers to derive sample-specific critical 
values for detecting the threshold. The threshold effect test is sequential, 
ranging from a single threshold to multiple thresholds, with a focus on 
testing the equality of coefficients between adjacent regimes. The like
lihood ratio test statistics, as proposed by the model, are as follows: 

For single threshold effect,
(
H1 : β1 = β2,Hʹ

1 : β1 ∕= β2
)
, F1

=
S0(γ) − S1(γ̂)

σ̂2
1

(5) 

For double threshold effect,
(
H2 : β1 = β2,Hʹ

2 : β1 ∕= β2
)
, F2

=
S1(γ) − S2(γ̂)

σ̂2
2

(6) 

For triple threshold effect,
(
H3 : β1 = β2, Hʹ

3 : β1 ∕= β2
)
, F3

=
S2(γ) − S3(γ̂)

σ̂3
2 (7) 

Here, the F statistic follows a nonstandard asymptotic distribution 
which dominates chi-square distribution. S0 represents the sum of 
squared residuals without a threshold, while S1, S2 and S3 correspond to 
models with one, two and three thresholds, respectively. σ̂1

2
, σ̂2

2
, σ̂3

2 

are the variance estimates of the error terms in the single, double, and 
triple threshold models. A significant result indicates that the threshold 
effect is important for explaining the relationship between the variables.

After identifying the threshold effect, it is important to check that the 
threshold estimator is consistent and that its asymptotic distribution is 
non-standard, which is a characteristic of the likelihood ratio (LR) test in 
threshold regression. The LR test ratios, as proposed by the model are as 
follows: 

For single threshold model,
(
H1 : γ = γ0, Hʹ

1 : γ ∕= γ0
)
, LR1

=
S1(γ) − S1(γ̂)

σ̂1
2 (8) 

For double threshold model,
(
H2 : β1 = β2, Hʹ

2 : β1 ∕= β2
)
, LR2

=
S2(γ) − S2(γ̂)

σ̂2
2 (9) 

For triple threshold model,
(
H3 : β1 = β2, Hʹ

3 : β1 ∕= β2
)
, LR3

=
S3(γ) − S3(γ̂)

σ̂3
2 (10) 

The terms S1(γ), S2(γ), and S3(γ) represent the residual sum of 
squares for models with a fixed threshold γ in single, double and triple 
threshold specifications, respectively. In contrast, S1(γ̂1), S2(γ̂2), and 
S3(γ̂3) denote the residual sum of squares for models with estimated 
threshold values γ̂1 , γ̂2 and γ̂3 , in the single double and triple threshold 
models, respectively. Similarly, σ̂1

2 σ̂2
2
, and σ̂3

2 indicate the estimated 
variances of the residuals for the corresponding threshold models.

When multiple threshold effects are present in the model, the single 
threshold regression in Eq. (1) can be generalized to accommodate 
multiple thresholds. For example, the double threshold regression model 
can be expressed as follows: 

yit = μi + β1xitI(qit ≤ γ1) + β2xitI(γ1 < qit

≤ γ2) + β3xit(γ2 < qit) +
∑K

k=4
βkRit + eit (11) 

The values γ1 and γ2 represent the threshold parameters that divide 
the equation into three distinct regimes, with the condition that γ1 < γ2.

Our study aims to elucidate the dynamic effects of country-level 
readiness under conditions of uncertainty on renewable energy inno
vation using panel data. Our baseline regression that can be used to 
verify the linear and non-linear relationship between country-level 
readiness, uncertainty and green energy innovation is as follows: 

lnINVit = μi + β1lnRNit + β2lnUTit + β3lnCEit + β4lnGDPit + β5lnTROit

+ eit

(12) 

lnINVit = μi + β1lnERNit + β2lnGRNit + β3lnSRNit + β4lnUTit

+ β5lnCEit + β6lnGDPit + β7lnTROit + eit (13) 

The above fixed effects model includes key variables: country-level 
renewable energy innovation (lnINV), country-level overall readiness 

Fig. 3. Evolution of patents across environment technology groups.
Source: Authors’ construction
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(lnRN) and uncertainty (lnUT), alongside control variables: carbon 
emissions (lnCE), GDP (lnGDP), and trade openness (TRO). Country-level 
overall readiness can be further disaggregated into its constituents: 
economic (lnERN), governance (lnGRN), and social (lnSRN). Following 
Hansen’s [14] recommendation to use an exogenous variable as the 
threshold, we employ the first lag of uncertainty as the threshold vari
able, since uncertainty often affects outcomes with a lag. The first lags of 
country-level readiness and its components serve sequentially as the 
regime-dependent variables, while the remaining explanatory variables 
are regime-independent. Thus, our four final panel threshold regression 
models are as follows:    

Fig. 4 synthesizes the key methodological procedures and robustness 
tests applied in this study.

This empirical framework is designed to enhance methodological 
rigor by systematically addressing key econometric challenges. To 
ensure full reproducibility, the estimation specifications and parameter 
settings are presented in detail in the relevant subsections of the 
following empirical results section. Specifically, we implement the panel 
threshold estimation based on Hansen’s [14] fixed effects model, using 
Stata 18.0. The procedure follows the command developed by Wang 
[60], with 300 bootstrap replications, a grid size of 400, and a 10 % 
trimming at both ends to ensure robust estimation of the threshold 
parameter. Bootstrap estimates may vary slightly across runs; our results 
remain largely stable and consistent across multiple iterations without 
imposing a fixed seed. For LR statistic visualization, we employ the 
_matplot visualization code provided by Wang [60], adapted for the 
purposes of this study.

4. Empirical results

Table 1 summarizes the descriptive statistics of the study’s key 

variables. Notably, two key variables, lnINV (min=− 4.61, max=11.13) 
and lnUT (min=− 4.6, max = 0.30) exhibit considerable range and 
skewness, which supports the use of threshold regression. Moreover, 
lnRN with near-zero skewness (0.02) and moderate kurtosis (1.97), 
facilitating stable regime-specific coefficient estimation. Moderate 
standard deviations across variables indicate manageable within-panel 
heterogeneity, justifying a panel-based approach. To satisfy the re
quirements of panel fixed effect threshold regression, 0.01 is added to 
the uncertainty and renewable energy innovation variables with zero 
values-a standard approach in similar econometric studies [61]. Table 2
summarizes cross-sectional dependence and panel unit root tests results. 
The CD test and the Breusch-Pagan LM test (x2 = 12,328.326, p <

0.001) confirms the presence of cross-sectional dependence in all vari
ables except country-level governance readiness, justifying the use of 
second-generation panel unit root tests, specifically Pesaran CIPS and 
CADF, to assess stationarity. The results indicate all variables are stable 
and integrated at I(1). The Pedroni cointegration test (Table 3) confirms 
a significant long-run equilibrium relationship among the variables at 1 
% level, both with and without a trend. The data stability analysis, 
including panel unit root and cointegration tests, is outlined in Appendix 
B.

4.1. Panel threshold effect estimation

Following Wang [60], we set the bootstrap frequency to 300 and the 
grid size to 400, with a 95 % confidence interval and a 10 % trimming 
rate for robust threshold estimation. Clustered robust standard errors are 
applied to address heteroscedasticity and autocorrelation [62]. The 
double threshold model is applied when its statistical significance is 
established (p < 0.10).

4.1.1. Panel threshold effect estimation (full sample)
As shown in Table 4, the F-statistics for the single and double 

threshold effects in Model (1), which are 30.79 and 21.61, respectively, 
both significant at the 1 % level. The dual threshold values (− 2.9266, 

ln INVit = μ1 + β1ln UTit + β2ln UTit− 1 + β3ln CEit + β4ln GDPit + β5TROit + β6ln RNit− 1I(ln UTit− 1 ≤ γ1)

+ β7ln RNit− 1I(γ1 < ln UTit− 1 ≤ γ2) + β8ln RNit− 1I(γ2 < ln UTit− 1) + eit
(14) 

ln INVit = μ1+ β1ln UTit + β2ln UTit− 1 + β3ln CEit + β4ln GDPit + β5TROit + β6ln ERNit− 1I(ln UTit− 1 ≤ γ1)

+ β7ln ERNit− 1I(γ1 < ln UTit− 1 ≤ γ2) + β8ln ERNit− 1I(γ2 < ln UTit− 1) + eit
(15) 

lnINVVit = μ1 + β1ln UTit + β2ln UTit− 1 + β3ln CEit + β4ln GDPit + β5TROit + β6ln GRNit− 1I(ln UTit− 1 ≤ γ1)

+ β7ln GRNit− 1I(γ1 < ln UTit− 1 ≤ γ2) + β8ln GRNit− 1I(γ2 < ln UTit− 1) + eit
(16) 

ln INVit = μ1+ β1ln UTit + β2ln UTit− 1 + β3ln CEit + β4ln GDPit + β5TROit + β6ln SRNit− 1I(ln UTit− 1 ≤ γ1)

+ β7ln SRNit− 1I(γ1 < ln UTit− 1 ≤ γ2) + β8ln SRNit− 1I(γ2 < ln UTit− 1) + eit
(17) 
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− 1.7983) yield a lower residual sum of squares compared to the single 
threshold value (− 2.4289), confirming the significant double threshold 
effect of uncertainty on renewable energy innovation when considering 
country-level overall readiness. After removing the logarithmic trans
formation, the double threshold values are 0.0535 and 0.1655. Model 
(2) examines the threshold effect of uncertainty on renewables inno
vation regarding country-level economic readiness, with both single 
(− 2.4289) and double (− 2.6363, − 1.7983) thresholds significant at the 
1 % level. The transformed dual threshold values are 0.0716 and 0.1655 
respectively. In Model (3), the uncertainty threshold effect related to 
country-level governance readiness reveals a significant single threshold 
effect (F-statistic=37.17, p < 0.01) and a less significant double 
threshold effect (F-statistic=17.10, p < 0.05). Despite the lower signif
icance, the double threshold values (− 2.9266, − 1.8261) better captures 
the dynamics of the relationship, with the corresponding transformed 
threshold values being 0.0535 and 0.1610. In Model (4), the uncertainty 
threshold effect related to country-level social readiness shows signifi
cant single (− 2.4459) and double threshold estimates (− 2.4459, 
− 1.8261) at the 1 % and 10 % levels, respectively. The corresponding 
transformed thresholds values are 0.0866 and 0.1610.

To visually support the threshold estimation, Fig. 5 presents the 
likelihood ratio (LR) function plots for the four final regression models 
using the full sample. Each threshold corresponds to the point where the 
LR statistic equals zero, with the 95 % confidence interval shown below 
the dotted line. All models identify significant double threshold effects, 
producing two plots per model that illustrate the first and second 
threshold points and confirm significant regime shifts.

4.1.2. Panel threshold effect estimation (sub sample)
Following the classification outlined by the International Monetary 

Fund in the World Economic Outlook [63], we divide the full sample of 
countries into two sub-samples: advanced economies and emerging 
economies. In Table 5, for advanced economies, Model (1) yields 
F-statistics of 16.84 (single threshold) and 13.88 (double threshold), 
both exceeding the critical values at the 5 % level.

The dual threshold values (− 2.4992, − 1.4071) after transformation 
are 0.0821 and 0.2448. In Model (2), the single (− 2.7074) and double 
(− 2.7074, − 1.4071) threshold estimations are significant at the 10 % 
level, with transformed double threshold values of 0.0667 and 0.2448. 
Model (3) shows a significant double threshold effect 
(− 2.7074,− 1.4417) at the 5 % level, with transformed threshold values 

Fig. 4. Simplified workflow of the methodology and robustness assessment.
Source: Authors’ construction

Table 1 
Descriptive statistics.

Variables Obs Mean S.D. Min Max Median Skew. Kurt.

lnINVit 1690 4.663 2.951 − 4.605 11.137 4.666508 − 0.237 3.059
lnRNit 1690 − 0.751 .281 − 1.421 − 0.206 − 0.758777 0.023 1.977
lnRNit-1 1625 − 0.753 .281 − 1.421 − 0.206 − 0.764689 0.033 1.978
lnERNit 1690 − 0.78 .277 − 2.38 − 0.127 − 0.804602 − 0.304 4.95
lnERNit-1 1625 − 0.783 .277 − 2.38 − 0.127 − 0.808157 − 0.305 5.048
lnGRNit 1690 − 0.586 .322 − 1.449 − 0.108 − 0.542917 − 0.302 2.056
lnGRNit-1 1625 − 0.586 .323 − 1.449 − 0.108 − 0.543000 − 0.3 2.047
lnSRNit 1690 − 0.983 .454 − 2.346 − 0.233 − 0.941246 − 0.326 2.167
lnSRNit-1 1625 − 0.99 .457 − 2.346 − 0.239 − 0.952639 − 0.308 2.141
lnUTit 1690 − 1.962 .892 − 4.605 .302 − 1.85112 − 0.812 3.935
lnUTit-1 1625 − 1.986 .892 − 4.605 .302 − 1.87603 − 0.788 3.892
lnCEit 1690 1.515 .893 − 1.618 3.058 1.74832 − 0.705 2.992
lnGDPit 1690 9.885 .801 7.651 11.497 9.99658 − 0.431 2.341
lnTROit 1690 − 0.350 .509 − 1.80 1.47 − 0.381396 .334 3.700

Note: All variables are log-transformed. SD = Standard Deviation, Skew. = Skewness, Kurt. = Kurtosis.

Table 2 
Cross-sectional dependency (CD) and panel unit root tests.

Variables CD CIPS I(0) CIPS I(1) CADF I(0) CADF I(1)

lnINVit 175.521*** − 3.187*** – − 2.398*** –
lnRNit 121.538*** − 2.343*** – − 1.613 − 2.375***
lnRNit-1 117.8*** − 2.414*** – − 1.666 − 2.352***
lnERNit 75.041*** − 2.865*** – − 2.028*** –
lnERNit-1 73.299*** − 2.861*** – − 2.064*** –
lnGRNit 0.15 − 1.461 − 4.145*** − 1.298 − 2.434***
lnGRNit-1 0.083 − 1.518 − 4.044*** − 1.293 − 2.363***
lnSRNit 194.083*** − 2.256*** – − 2.202*** –
lnSRNit-1 191.695*** − 2.204*** – − 2.178*** –
lnUTit 34.584*** − 3.920*** – − 2.580*** –
lnUTit-1 30.984*** − 3.829*** – − 2.494*** –
lnCEit 16.496*** − 1.650 − 4.703*** − 1.215 − 2.380***
lnGDPit 195.934*** − 2.303*** – − 2.387*** –
lnTROit 60*** − 1.635 − 3.943*** − 1.511 − 2.614***
Note: The figures represent t-statistic values, *** p < 0.01, ** p < 0.05, * p < 0.10

Table 3 
Pedroni panel cointegration test results.

No Trend Trend

​ Statistic p-Value Statistic p-Value
Modified Phillips-Perron t 7.0795 0.0000 8.1777 0.0000
Phillips-Perron t − 8.0098 0.0000 − 9.6145 0.0000
Augmented Dickey-Fuller t − 8.7025 0.0000 − 9.2754 0.0000
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of 0.0667 and 0.2365. In contrast, no threshold effect is observed in 
Model (4) for advanced economies, indicating a linear relationship be
tween uncertainty, country-level social readiness and renewable energy 
innovation. Fig. 6 presents the likelihood ratio (LR) function plots for the 
threshold effects estimated in advanced economies. Regression Models 1 
to 3, each generate two LR plots corresponding to the estimated double 
threshold effects. These plots exhibit clear dips at their respective 
threshold values, confirming the existence of statistically significant 
regime changes. No threshold effect is identified for Model 4 in 
advanced economies.

In Table 6 for emerging economies, Model (1) shows significant 
single (− 2.4327) and double (− 2.9254, − 1.7753) threshold effects at 
the 1 % level. The transformed threshold values are 0.0536. and 0.1694. 
In Model (2), the double threshold effects (− 2.9254,− 1.8308) are sig
nificant at the 1 % level, with transformed values of 0.0536 and 0.1602. 
Model (3) shows a statistically significant single threshold at − 2.4459 
and a double threshold at − 2.8944 and − 1.7580, which is selected based 
on significance at the 10 % level. The corresponding transformed 
threshold estimates values are 0.0553 and 0.1723, respectively. In 
contrast, Model (4) exhibits only single (− 2.4459) threshold effect 
significantly at the 5 % level, with logarithmically transformed 
threshold value of 0.0866. Fig. 7 displays the likelihood ratio (LR) 
function plots for the threshold estimations in emerging economies. For 
Models 1 to 3, each regression model produces two LR plots, corre
sponding to the estimated double threshold effects. These plots reveal 
distinct dips at the respective threshold values, confirming the presence 
of statistically significant regime shifts. In contrast, Model 4 supports 
only a single threshold defect and accordingly, displays a single LR plot.

4.1.3. Panel threshold effect estimation (post Kyoto Protocol period)
The Kyoto Protocol-an important milestone in international climate 

policy-entered into force in 2005. This study further examines whether 
and how uncertainty generates threshold effects on renewable energy 
innovation, considering overall country-level readiness in the post- 
Kyoto Protocol period. As shown in Table 7, uncertainty, together 
with overall readiness, produces a single threshold effect on renewable 
energy innovation for the full sample, with a threshold value of 
− 1.7826.

After removing the logarithmic transformation, this corresponds to a 
threshold of 0.1682. A double threshold (− 2.4742, − 1.2465) effect is 
observed for advanced economies during the same period, with trans
formed threshold values of 0.0842 and 0.2875, while no significant 
threshold effect is identified for emerging economies. Fig. 8 presents the 
likelihood ratio (LR) function plots for the threshold estimations during 
the post-Kyoto Protocol period. For the whole sample, the LR plot in
dicates a significant single threshold effect. In contrast, for advanced 
economies, Model 1 exhibits significant double threshold effects, con
firming the presence of distinct regime shifts during this period.

4.2. Results of panel threshold regression

4.2.1. For the full sample
Table 8 presents the findings of the panel threshold regression for the 

full sample. The results indicate that the first lag of uncertainty has a 
statistically significant negative association with renewable energy 
innovation across all models, except Model (4). Among the control 
variables, GDP consistently exhibits a positive and statistically signifi
cant impact at the 1 % level across all specifications on renewable en
ergy innovation. The effect of trade openness is also positive but 
achieves statistical significance only in the context of a country’s eco
nomic and governance readiness levels on renewable energy innovation.

From a threshold perspective, Model (1) reveals that when uncer
tainty is below 0.0535, country-level overall readiness has a positive and 
statistically significant effect on renewable energy innovation, with a 
coefficient of 2.44. As uncertainty increases to the second stage 
(0.0535–0.1655), this effect declines to 2.01 and further decreases to 
1.64 at the third stage (above 0.1655), consistent with the study’s hy
potheses. In Model (2), which focuses on economic readiness, a similar 
pattern emerges. When uncertainty is below 0.0716, country-level 
economic readiness positively and significantly influences renewable 
energy innovation, with a coefficient of 0.89. However, as uncertainty 
rises to the second stage (0.0716–0.1655), the effect diminishes to 0.64 
and further decreases in the third stage (above 0.1655). In contrast, 
Model (3) demonstrates that country-level governance readiness nega
tively affects renewable energy innovation under uncertainty. When 
uncertainty is below 0.0535, the impact is − 1.83; this negative effect 
intensifies to − 2.48 as uncertainty increases to the second stage 
(0.0535–0.1610), but moderates to − 1.61 in the third stage (above 
0.1610). Finally, Model (4) shows that country-level social readiness at 
the country level positively contributes to renewable energy innovation. 
When uncertainty is low (below 0.0866), the coefficient is 2.89, but as 
uncertainty rises to the second stage (0.0866–0.1610), the coefficient 
decreases to 2.68 and further drops to 2.46 in the third stage (above 
0.1610).

4.2.2. For the sub-sample
Table 9 presents the panel threshold regression results for advanced 

economies. The first lag of uncertainty negatively impacts renewable 
energy innovation, while current uncertainty shows no significant ef
fect. GDP per capita has a positive, statistically significant relationship 
with innovation, while trade openness only significantly impacts inno
vation at the economic and governance readiness levels. From a 
threshold perspective, Model (1) shows that when uncertainty is below 
0.0821, overall country readiness significantly boosts innovation, with a 
coefficient of 3.17. This effect declines to 2.81 as uncertainty rises to the 
second stage (0.0821–0.2448) and increases to 4.05 in the third stage 
(above 0.2448). In Model (2), economic readiness significantly 

Table 4 
Threshold effect test results (full sample).

Threshold 
models

No. of  
Thresholds

F value P value Critical Value Threshold value 95 % confidence interval

1 % 5 % 10 %

Model 1 Single 30.79*** 0.000 16.873 13.695 11.402 − 2.4289 − 2.4512,− 2.4215
lnRNit− 1 Double 21.61*** 0.000 13.732 11.016 9.630 − 2.9266 

− 1.7983
− 2.9316,− 2.9225 
− 1.8267,− 1.7926

Model 2 Single 19.30*** 0.003 16.849 13.366 11.039 − 2.4289 − 2.4512,− 2.4215
lnERNit− 1 Double 17.84*** 0.006 16.831 11.680 9.658 − 2.6363 

− 1.7983
− 2.6536,− 2.6360 
− 1.8267,− 1.7926

Model 3 Single 37.17*** 0.000 24.197 16.013 11.882 − 2.4289 − 2.4512,− 2.4215
lnGRNit− 1 Double 17.10** 0.013 19.113 12.394 10.191 − 2.9266 

− 1.8261
− 2.9316,− 2.9225 
− 1.8523,− 1.8201

Model 4 Single 24.52*** 0.003 17.148 15.270 12.225 − 2.4459 − 2.4780,− 2.4365
lnSRNit− 1 Double 11.81* 0.043 19.374 12.094 10.073 − 2.4459 

− 1.8261
− 2.4790,− 2.4365 
− 1.8523,− 1.8201

Note: *** p < 0.01, ** p < 0.05, * p < 0.10.
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Fig. 5. LR diagrams with estimated threshold values (full sample).
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Table 5 
Threshold effect test results (advanced economies).

Threshold 
models

No. of  
Thresholds

F value P value Critical Value Threshold value 95 % confidence interval

1 % 5 % 10 %

Model 1 Single 16.84** 0.016 18.713 13.543 11.421 − 2.4992 − 2.5482, − 2.4877
lnRNit− 1 Double 13.88** 0.036 15.688 12.965 10.793 − 2.4992 

− 1.4071
− 2.5316, − 2.4877 
− 1.5436, − 1.4059

Model 2 Single 13.40* 0.070 17.865 14.295 12.058 − 2.7074 − 2.7380, − 2.7057
lnERNit− 1 Double 12.87* 0.096 17.865 14.660 12.480 − 2.7074 

− 1.4071
− 2.7232, − 2.7057 
− 1.5491, − 1.4059

Model 3 Single 11.35 0.113 16.176 13.855 11.899 − 2.7074 − 2.7263, − 2.7057
lnGRNit− 1 Double 11.93** 0.046 16.685 11.610 9.9595 − 2.7074 

− 1.4417
− 2.7232, − 2.7057 
− 1.6602, − 1.4386

Note: *** p < 0.01, ** p < 0.05, * p < 0.10.

Fig. 6. LR diagrams with estimated threshold values (advanced economies).
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contributes to innovation when uncertainty is below 0.0667, with a 
coefficient of 0.84. As uncertainty rises, the coefficient effect decreases 
but increases at the third stage (above 0.2449). In Model (3), governance 
readiness does not significantly affect innovation until uncertainty ex
ceeds the second threshold of 0.2365, at which point the impact be
comes significantly negative (− 1.97) at the 10 % level. Table 10 presents 
the panel threshold regression results for emerging economies.

Like previous findings, the lagged uncertainty has statistically sig
nificant negative association with renewable energy innovation in 
emerging economies . Off all control variables, GDP per capita positively 
contributes to the renewable energy innovation at 1 % significance 
across all regression models. From a threshold perspective, in Model (1), 
when uncertainty is below 0.0536, country level readiness contributes 
positively to the renewable energy innovation significantly with a co
efficient of 2.56 in the emerging economy. As uncertainty increases to 
the second stage (0.0536 to 0.1694), the coefficient decreases to 1.93. It 
goes down further to 1.470 when uncertainty reaches (above 0.1694). 
For Model 2, we see economic readiness positively contributes to the 
renewable energy innovation in emerging economies. When uncertainty 
is below the first threshold (0.0536), the coefficient estimate is 0.96, 
when uncertainty moves to the next level (0.0536 to 0.1602), the co
efficient estimate decreases to 0.35 and when uncertainty crosses the 
second threshold, the coefficient again rises to 1.38. In Model (3), when 
uncertainty is below the first threshold (0.0553), governance level 
readiness does have marginally significant negative association with 
renewable energy innovation, but the impact becomes significantly 
negative and stronger when the threshold reaches the second (0.0553 to 
0.1723) and third stage (above 0.1723) respectively. In Model (4), it is 
evident that uncertainty in relation to social readiness of emerging 
countries creates a significant positive impact on renewable energy 
innovation. When uncertainty is below the threshold 0.0866, the coef
ficient estimate is 2.954, but when it crosses the threshold (above 
0.086), the coefficient decreases to 2.679. Table 11 summarizes the 
panel threshold regression results for the post-Kyoto Protocol period.

Threshold effects of uncertainty with country-level overall readiness 
on renewable energy innovation are observed for both the full sample 
and advanced economies during the post-Kyoto Protocol period. For the 
full sample, the coefficient is 1.10 when uncertainty falls below the 
threshold (0.1682) but decreases to 0.88 above this threshold, though 
the latter coefficient is statistically insignificant. Advanced economies 
exhibit similar patterns with a dual-threshold structure. When uncer
tainty is below the first threshold (0.084), the coefficient is 1.11. The 
coefficient decreases to 0.94 between the first and second thresholds 
(0.084–0.287) but increases to 1.16 when uncertainty exceeds 0.287. 
Across both samples, the first lag of uncertainty negatively influences 
renewable energy innovation, while GDP per capita demonstrates a 
positive and statistically significant effect.

5. Discussion and future policy implications

This section provides a critical analysis of the empirical findings and 
their policy implications. The results regarding the uncertainty 
threshold effect indicate that overall country-readiness and its key 
components—economic, governance, and social readiness—plays a 
significant role in driving renewable energy innovation across different 
uncertainty regimes. This impact is not static; rather, it varies depending 
on the stage of uncertainty. Policymakers must be attuned to the 
structural changes induced by uncertainty and implement necessary 
reforms in the readiness of a country to ensure sustained innovation in 
renewable energy, thereby supporting the transition to a green 
economy.

Our study shows that overall readiness of a nation significantly 
boosts renewable energy innovation amidst uncertainty, with a stronger 
impact in advanced economies compared to emerging ones. However, 
the positive contribution of country-level overall readiness to renewable 
innovation diminishes as uncertainty rises from low to high levels, a 
trend observed in both advanced and emerging economies. This finding 
aligns with our hypotheses, suggesting that severe uncertainty can 
destabilize the macro-structural conditions underpinning a country, 
with greater impacts on developing nations. ND-GAIN [18] state that 
countries with high readiness during periods of high vulnerability are 
better positioned to adopt innovative adaptive solutions that align with 
our results. Renewable energy requires favorable conditions for devel
opment with deliberate and coordinated efforts between government 
and business [64]. So, policymakers should adopt a holistic approach 
that integrates overall country-level readiness (economic, governance, 
social) into national energy policies, enabling effective green energy 
transitions through innovation, even amid high uncertainty.

Specifically, among the key structural components of a country’s 
overall readiness, economic readiness—reflected in the World Bank’s 
Ease of Doing Business index— positively influences renewable energy 
innovation during different stages of uncertainty with lesser impact on 
high uncertainty stage, true for both advanced and emerging economies. 
Doing Business indicators harness stakeholder pressures to drive struc
tural reforms, address uncertainty [65] and enhance competitiveness 
through innovation rather than relying on inheritance [66]. Economic 
readiness refers to the ease of doing business, fostering a competitive 
environment that drives innovation and growth. Policymakers should 
prioritize building economic readiness by reforming trade and business 
regulations to ensure sustained economic growth through technological 
innovation in the long term [67]. In contrast, governance readiness 
negatively impacts renewable energy innovation across varying uncer
tainty regimes. While this effect is not statistically significant in 
advanced economies, it is significant in emerging economies. This 
finding contradicts with our hypothesis but aligns with existing litera
ture, which highlights a ’mismatch’ between existing country-level 
governance systems and biophysical systems, such as renewable 

Table 6 
Threshold effect test results (emerging economies).

Threshold 
models

No. of  
Thresholds

F value P value Critical Value Threshold value 95 % confidence interval

1 % 5 % 10 %

Model 1 Single 19.51*** 0.000 15.514 11.532 9.454 − 2.4327 − 2.4529,− 2.4187
lnRNit− 1 Double 16.09*** 0.006 17.376 11.651 8.883 − 2.9254 

− 1.7753
− 2.9533,− 2.9208 
− 1.8271,− 1.7620

Model 2 Single 13.21** 0.036 19.330 11.722 9.558 − 2.4327 − 2.4706,− 2.4174
lnERNit− 1 Double 13.44*** 0.000 10.834 9.338 8.204 − 2.9254 

− 1.8308
− 2.9683,− 2.9208 
− 1.8554,− 1.8198

Model 3 Single 22.24*** 0.000 16.056 13.093 10.820 − 2.4459 − 2.6152,− 2.4017
lnGRNit− 1 Double 9.94* 0.066 15.790 10.777 9.008 − 2.8944 

− 1.7580
− 2.9912,− 2.8456 
− 1.9297,− 1.7349

Model 4 Single 16.58** 0.040 19.791 15.841 12.728 − 2.4459 − 2.5556,− 2.4329
lnSRNit− 1 Double 9.94 0.126 18.869 12.176 10.903 − 1.2502 − 1.3295,− 1.2491

Note: *** p < 0.01, ** p < 0.05, * p < 0.10; for Model 3 only, grid (75) is used to produce stable threshold value.
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Fig. 7. LR diagrams with estimated threshold values (emerging economies).
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energy. To address this misalignment, new governance and management 
frameworks are required [68]. Furthermore, developing economies, 
often reliant on extractive institutions, may face additional barriers to 
innovation. For a sustainable future, countries should adopt 
forward-looking, adaptive, multi-actor governance models that foster 
long-term transformation, innovation and sustainability [69].

Country-level social readiness, as a critical structural component of a 
nation’s overall readiness, demonstrates a significant positive associa
tion with renewable energy innovation across varying levels of uncer
tainty. Interestingly, this relationship is linear in advanced economies, 
where uncertainty does not impose a threshold effect. Conversely, in 
emerging economies, the association is non-linear, characterized by a 
significant double-threshold effect. The result validates our hypothesis 
and is supported by existing literature [37,70]. Social and political 
conditions can create diverse (positive, negative or a combination) 
impact on the growth and adoption of certain renewable energy tech
nologies [71]. For greater adaptation and innovation of renewable en
ergy, societal factors (education, ICT infrastructure etc.) should get as 
priority in energy policy as the technical ones.

Our findings indicate that uncertainty has a statistically significant 
negative association on renewable energy innovation, and the uncer
tainty similarly constrains the optimization of VPPs [72]. Nonetheless, 
through optimal scheduling within VPP systems, it is possible to maxi
mize net profit for the stakeholders while minimizing real time emis
sions [73]. However, the successful implementation of VPPs is 
contingent upon four critical domains: (i) the legal system-supporting 
policies, prosumer policies, CO2 limitation policies; (ii) the technical 
system-RES technologies, ESS technologies, virtual power plant control 
center, information and communication technology; (iii) the economic 
system-liberalization of energy sector, regionalization, local energy 
market, economic cost, demand side management; and (iv) the social 
system-changing behavior of energy end-users, ecological awareness, 
the necessity for energy security [74]. These implementation criteria 
closely align with the key dimensions of country-level readiness for 
climate adaptation, reinforcing the importance of readiness for suc
cessful renewable energy transition even under uncertainty.

Table 7 
Threshold effect test results (post-Kyoto Protocol period).

Threshold 
models

No. of  
Thresholds

F value P value Critical Value Threshold value 95 % confidence interval

1 % 5 % 10 %

Whole 
Sample

Single 11.42* 0.066 18.377 12.951 10.071 − 1.7826 − 1.8565,− 1.7824
Double 6.56 0.206 15.185 10.208 8.1463 − 1.7826 − 1.8458, − 1.7824

Advanced 
Economy

Single 5.21 0.483 16.678 12.279 10.560 − 2.4742 − 2.5068,− 2.4491
Double 7.92* 0.066 13.789 9.5356 7.8123 − 2.4742 

− 1.2465
− 2.5851, − 2.4491 
− 1.5461,− 1.2223

Note: *** p < 0.01, ** p < 0.05, * p < 0.10.

Fig. 8. LR diagrams with estimated threshold values (post-Kyoto Protocol period).
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6. Conclusion

Our study conducts a panel threshold econometric model that cap
tures the non-linear relationship in the triadic interplay among renew
able energy innovation, country-level readiness and uncertainty. The 
results show that uncertainty interacts with country-level overall read
iness and its individual components-economic readiness, governance 
readiness and social readiness-to create distinct threshold effects on 
renewable energy innovation. Each dimension of readiness exhibits 
unique non-linear dynamics in response to varying levels of uncertainty, 
shaping the degree and nature of their influence on renewable energy 
innovation outcomes.

The dynamic interplay between uncertainty and readiness on 
renewable energy innovation serves as a catalyst, testing a country’s 
energy system to adapt, evolve, and reveal its resilience. Our findings 
reveal that the optimal interplay within this triadic framework emerges 
under low-uncertainty conditions, where country-level overall readi
ness, including its economic and social exerts its maximum influence on 
renewable energy innovation outcomes. Conversely, during periods of 
high uncertainty, the contribution of readiness diminishes, posing 
challenges to the stability and progress of innovation. To mitigate these 
adverse effects, policymakers should implement targeted incentives that 
bolster readiness and enhance the system’s ability to withstand and 

adapt to high uncertainty. In a surprising note, we find that country- 
level governance readiness negatively influences renewable energy 
innovation, especially in emerging economies with significance. The 
effect is relatively low in the low uncertainty regime but gradually in
creases as uncertainty increases to the next level. This result shows 
fundamental problems with the governance system around the world in 
dealing with renewable energy and uncertainty. Overall, our research 
highlights the necessity of aligning readiness strategies with uncertainty 
regimes to sustain and accelerate the transition to resilient and inno
vative renewable energy systems, thereby contributing to Society 5.0.

However, this study is not without limitations. First, to maintain a 
balanced panel dataset, the sample size was restricted to 65 countries. 
Future research can benefit from the inclusion of more countries, 
particularly from lower-middle-income and low-income countries, 
where such information is currently limited. Second, while our approach 
provides valuable insights, future research could expand on this study by 
exploring how specific policy instruments, or a combination of them, 
impact renewable energy innovation under uncertainty, from both in
dividual country and regional perspectives. Furthermore, the triadic 
relationship among innovation, uncertainty, and readiness can be done 
by employing time series models and dynamic threshold models.

Table 8 
Results of threshold regression estimations (full sample).

Regressors Model 1 Model 2 Model 3 Model 4
lnRNit-1 lnERNit-1 lnGRNit-1 lnSRNit-1

lnUTit 0.042(0.384) 0.056 
(0.292)

0.054(0.272) 0.0164 
(0.703)

lnUTit-1 − 0.295*** 
(0.002)

− 0.214** 
(0.003)

− 0.186*** 
(0.009)

− 0.101 
(0.220)

lnCEit 0.250(0.577) 0.340 
(0.474)

0.4339 
(0.203)

0.230 
(0.397)

lnGDPit 2.063*** 
(0.000)

2.363*** 
(0.000)

2.617*** 
(0.000)

0.925*** 
(0.001)

lnTROit 0.461(0.102) 0.503* 
(0.071)

0.482* 
(0.049)

0.3313 
(0.18)

Threshold 
variable

​ ​ ​ ​

lnUTit− 1 < θ1) 2.443** 
(0.018)

0.893** 
(0.015)

− 1.829** 
(0.012)

2.894*** 
(0.000)

θ1 ≤ lnUTit− 1≤θ2) 2.017* 
(0.056)

0.654* 
(0.066)

− 2.485*** 
(0.000)

2.681*** 
(0.000)

lnUTit− 1 > θ2 1.645(0.102) 0.362 
(0.303)

− 1.610** 
(0.029)

2.467*** 
(0.000)

cons − 15.20*** 
(0.001)

− 19.10*** 
(0.00)

− 23.43*** 
(0.00)

− 2.163 
(0.462)

Note: *** p < 0.01, ** p < 0.05, * p < 0.10; clustered robust standard error in 
parentheses.

Table 9 
Results of threshold regression estimations (advanced economies).

Regressors Model 1 Model 2 Model 3
lnRNit-1 lnERNit-1 lnGRNit-1

lnUTit − 0.006(0.743) − 0.0002(0.988) − 0.0027(0.886)
lnUTit-1 − 0.089** 

(0.024)
− 0.0947*** 
(0.002)

− 0.0532(0.101)

lnCEit 0.332(0.205) 0.2210(0.480) 0.1769(0.458)
lnGDPit 1.005***(0.003) 1.579***(0.000) 2.029***(0.000)
lnTROit 0.752***(0.000) 0.977***(0.000) 0.947**(0.005)
Threshold variable ​ ​ ​
lnUTit− 1 < θ1) 3.172***(0.001) .841**(0.022) − 1.925(0.111)
θ1 ≤ lnUTit− 1≤θ2) 2.814***(0.002) .534*(0.072) − 0.889(0.452)
lnUTit− 1 > θ2 4.051***(0.000) 1.380*(0.056) − 1.976*(0.093)
cons − 3.208(0.378) − 10.07***(0.007) − 15.62*** 

(0.001)

Note: *** p < 0.01, ** p < 0.05, * p < 0.10; clustered robust standard error in 
parentheses.

Table 10 
Results of threshold regression estimations (emerging economies).

Regressors Model 1 Model 2 Model 3 Model 4
lnRNit-1 lnERNit-1 lnGRNit-1 lnSRNit-1

lnUTit 0.055(0.477) 0.077 
(0.345)

0.065(0.393) 0.029 
(0.671)

lnUTit-1 − 0.480*** 
(0.003)

− 0.246** 
(0.014)

− 0.399*** 
(0.008)

− 0.013 
(0.884)

lnCEit − 0.064 
(0.932)

0.257 
(0.753)

.496(0.492) − 0.240 
(0.646)

lnGDPit 2.461*** 
(0.000)

2.55*** 
(0.000)

2.669*** 
(0.000)

1.126** 
(0.014)

lnTROit 0.436(0.238) 0.444 
(0.22)

0.377(0.215) 0.4044 
(0.203)

Threshold 
variable

​ ​ ​ ​

lnUTit− 1 < θ1) 2.569** 
(0.039)

.963** 
(0.033)

− 1.516* 
(0.077)

2.954*** 
(0.000)

θ1 ≤ lnUTit− 1≤θ2) 1.939(0.120) .355(0.377) − 2.137*** 
(0.006)

2.679*** 
(0.000)

lnUTit− 1 > θ2 1.470(0.212) 1.383* 
(0.051)

− 2.627*** 
(0.000)

2.998*** 
(0.000)

cons − 19.04*** 
(0.00)

− 20.90** 
(0.00)

− 24.96*** 
(0.000)

− 3.1891 
(0.439)

Note: *** p < 0.01, ** p < 0.05, * p < 0.10; clustered robust standard error in 
parentheses.

Table 11 
Results of threshold regression estimations (post Kyoto Protocol).

Regressors Model 1 Model 2
lnRNit-1 lnRNit-1

lnUTit 0.0381(0.295) 0.0039(0.854)
lnUTit-1 − 0.0537(0.239) − 0.0432**(0.027)
lnCEit − 0.0211(0.939) − 0.0135(0.895)
lnGDPit 1.388***(0.001) 0.83888***(0.005)
lnTROit − 0.3049(0.215) 0.148511(0.389)
Threshold variable ​ ​
lnUTit− 1 < θ) 1.106*(0.061) ​
lnUTit− 1 ≥ θ) .881(0.107) ​
lnUTit− 1 < θ1) ​ 1.116**(0.036)
θ1 ≤ lnUTit− 1≤θ2) ​ .944*(0.070)
lnUTit− 1 > θ2 ​ 1.162**(0.036)
cons − 8.112**(0.040) − 1.5570(0.608)

Note: *** p < 0.01, ** p < 0.05, * p < 0.10; clustered robust standard error in 
parentheses.
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[30] J. Grafström, P. Söderholm, E. Gawel, P. Lehmann, S. Strunz, Government support 
to renewable energy R&D: drivers and strategic interactions among EU Member 
States, Econ. Innov. New Technol. 32 (2023) 1–24, https://doi.org/10.1080/ 
10438599.2020.1857499.

[31] H. Neofytou, A. Nikas, H. Doukas, Sustainable energy transition readiness: a 
multicriteria assessment index, Renew. Sustain. Energy Rev. 131 (2020) 109988, 
https://doi.org/10.1016/j.rser.2020.109988.

[32] Mondal MdAH, D. Hawila, S. Kennedy, T. Mezher, The GCC countries RE-readiness: 
strengths and gaps for development of renewable energy technologies, Renew. 
Sustain. Energy Rev. 54 (2016) 1114–1128, https://doi.org/10.1016/j. 
rser.2015.10.098.

[33] B. Lundvall, The Learning Economy and The Economics of Hope, ANTHEM Press, 
First. London, New York, 2016.

[34] C. Watanabe, K. Wakabayashi, T. Miyazawa, Industrial dynamism and the creation 
of a “virtuous cycle” between R&D, market growth and price reduction: the case of 
photovoltaic power generation (PV) development in Japan, Technovation 20 
(2000) 299–312, https://doi.org/10.1016/S0166-4972(99)00146-7.

[35] X. He, J. Lin, J. Xu, J. Huang, N. Wu, Y. Zhang, et al., Long-term planning of wind 
and solar power considering the technology readiness level under China’s 
decarbonization strategy, Appl. Energy 348 (2023) 121517, https://doi.org/ 
10.1016/j.apenergy.2023.121517.

M.R.U. Bhuiyan et al.                                                                                                                                                                                                                          Sustainable Futures 10 (2025) 101158 

15 

https://doi.org/10.1016/j.sftr.2025.101158
https://doi.org/10.1016/j.ijpe.2019.07.033
https://doi.org/10.1016/j.ijpe.2019.07.033
https://doi.org/10.3390/futuretransp5010008
https://doi.org/10.1016/j.rineng.2024.103121
https://doi.org/10.1016/j.rineng.2024.103121
https://doi.org/10.1016/j.enpol.2016.11.030
http://refhub.elsevier.com/S2666-1888(25)00722-1/sbref0005
https://doi.org/10.1007/s13347-022-00587-3
https://doi.org/10.1007/s13347-022-00587-3
https://doi.org/10.1257/jep.28.2.153
https://doi.org/10.1080/13504509.2024.2346920
https://doi.org/10.1080/13504509.2024.2346920
https://doi.org/10.1016/j.igd.2022.100010
https://doi.org/10.1016/j.igd.2022.100010
https://doi.org/10.1016/j.respol.2020.104031
https://doi.org/10.1016/j.jenvman.2019.06.121
https://doi.org/10.1016/j.jenvman.2019.06.121
http://refhub.elsevier.com/S2666-1888(25)00722-1/sbref0012
http://refhub.elsevier.com/S2666-1888(25)00722-1/sbref0012
https://gain.nd.edu/our-work/country-index/download-data/
https://doi.org/10.1016/S0304-4076(99)00025-1
https://doi.org/10.1016/S0304-4076(99)00025-1
https://doi.org/10.14689/ejer.2020.85.8
https://doi.org/10.1108/JCOM-10-2020-0116
https://doi.org/10.1108/JCOM-10-2020-0116
https://doi.org/10.1080/18186874.2013.834628
https://gain.nd.edu/assets/581554/nd_gain_countryindex_technicalreport_2024.pdf
https://gain.nd.edu/assets/581554/nd_gain_countryindex_technicalreport_2024.pdf
http://refhub.elsevier.com/S2666-1888(25)00722-1/sbref0019
https://doi.org/10.1016/j.apgeog.2011.10.011
https://doi.org/10.1007/978-90-481-2229-5_10
https://doi.org/10.1007/978-90-481-2229-5_10
https://doi.org/10.1016/j.enpol.2019.111152
https://doi.org/10.1016/j.enpol.2019.111152
https://doi.org/10.1016/j.enpol.2007.07.009
https://doi.org/10.3390/su10041192
http://refhub.elsevier.com/S2666-1888(25)00722-1/sbref0025
http://refhub.elsevier.com/S2666-1888(25)00722-1/sbref0025
https://doi.org/10.1002/jcop.22531
http://refhub.elsevier.com/S2666-1888(25)00722-1/sbref0027
http://refhub.elsevier.com/S2666-1888(25)00722-1/sbref0027
https://doi.org/10.1016/j.jclepro.2014.08.070
https://doi.org/10.1016/j.jclepro.2014.08.070
https://doi.org/10.1016/j.enpol.2008.02.031
https://doi.org/10.1080/10438599.2020.1857499
https://doi.org/10.1080/10438599.2020.1857499
https://doi.org/10.1016/j.rser.2020.109988
https://doi.org/10.1016/j.rser.2015.10.098
https://doi.org/10.1016/j.rser.2015.10.098
http://refhub.elsevier.com/S2666-1888(25)00722-1/sbref0033
http://refhub.elsevier.com/S2666-1888(25)00722-1/sbref0033
https://doi.org/10.1016/S0166-4972(99)00146-7
https://doi.org/10.1016/j.apenergy.2023.121517
https://doi.org/10.1016/j.apenergy.2023.121517


[36] P. Bayer, L. Dolan, J. Urpelainen, Global patterns of renewable energy innovation, 
1990–2009, Energy Sustain. Dev. 17 (2013) 288–295, https://doi.org/10.1016/j. 
esd.2013.02.003.

[37] S. Yun, J. Lee, Advancing societal readiness toward renewable energy system 
adoption with a socio-technical perspective, Technol. Forecast. Soc. Change 95 
(2015) 170–181, https://doi.org/10.1016/j.techfore.2015.01.016.

[38] P.H. Grünewald, T.T. Cockerill, M. Contestabile, P.J.G. Pearson, The socio- 
technical transition of distributed electricity storage into future networks—System 
value and stakeholder views, Energy Policy 50 (2012) 449–457, https://doi.org/ 
10.1016/j.enpol.2012.07.041.

[39] J. Ye, L. Yan, X. Liu, F. Wei, Economic feasibility and policy incentive analysis of 
carbon capture, utilization, and storage (CCUS) in coal-fired power plants based on 
system dynamics, Environ. Sci. Pollut. Res. 30 (2022), https://doi.org/10.1007/ 
s11356-022-24888-4.

[40] F. Egli, Renewable energy investment risk: an investigation of changes over time 
and the underlying drivers, Energy Policy 140 (2020), https://doi.org/10.1016/j. 
enpol.2020.111428.

[41] U. Korkut Pata, Does energy policy uncertainty matter for renewable energy and 
energy efficiency technologies? An affordable and clean energy perspective, 
Geosci. Front. 15 (2024) 101932, https://doi.org/10.1016/j.gsf.2024.101932.

[42] L. Bettarelli, D. Furceri, P. Pizzuto, N. Shakoor, Uncertainty and innovation in 
renewable energy, J. Int. Money. Finance 149 (2024) 103202, https://doi.org/ 
10.1016/j.jimonfin.2024.103202.

[43] C.-W. Su, K. Khan, M. Umar, T. Chang, Renewable energy in prism of technological 
innovation and economic uncertainty, Renew. Energy 189 (2022) 467–478, 
https://doi.org/10.1016/j.renene.2022.02.110.

[44] T.H.A. Yuen, W.K.T. Yuen, Public investment on renewable energy R&D Projects: 
the role of geopolitical risk, and economic and political uncertainties, Energy Econ. 
138 (2024) 107837, https://doi.org/10.1016/j.eneco.2024.107837.

[45] H. Tiismus, V. Maask, V. Astapov, T. Korõtko, A. Rosin, State-of-the-art review of 
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