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Abstract
In recent years, climate policy has experienced several episodes of crest and trough in the 
US, which has induced profound uncertainty. This climate policy uncertainty (CPU) may 
exert economic, social, and environmental impacts. Therefore, using the environmental 
Kuznets curve (EKC) framework, this study targets to probe whether CPU affects sectoral 
carbon dioxide emissions (COE) in the US. We make use of advanced econometric proce-
dures such as the novel SOR unit root test (to probe the order of integration of the entire 
dataset) and the novel Fourier ARDL approach (to retrieve the long- and short-run esti-
mates). The findings delineate that the EKC holds for the industrial, electric power, com-
mercial, and residential sectors. In addition, CPU escalates COE in the residential, com-
mercial, and electric power sectors in both the long- and short-run. Parallel to this, CPU 
affects industrial COE neither in the short-run nor in the long-run. Keeping in view the key 
findings, we propose a set of sector-specific policy implications to curb COE.
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1 Introduction

The volume of carbon emission (henceforth COE) has witnessed an unprecedented upsurge 
during the last several years (Li et al., 2022; Liu et al., 2022a). According to recent statis-
tics,1 the volume of COE was 3.51 billion metric tons in 1920, while it was about 34.81 
billion metric tons in 2020. This delineates that COE has witnessed about a 900% upsurge 
during the last century. The enormous rise in the levels of COE has been causing several 
issues related to environmental quality (e.g., climate change, environmental degradation, 
extreme weather events, etc.). Next, COE also triggers several human diseases. Wherefore, 
curbing the levels of COE is an imperative agenda of the world. Hence, Kyoto Protocol, 
Paris Climate Accords, and the recent Glasgow Climate Pact (COP26) are the key col-
lective efforts of the entire world, targeting to reduce COE. Even though intergovernmen-
tal organizations, world leaders, and policymakers have been striving to achieve net-zero 
emissions, the levels of COE are still remarkably high. This calls for further efforts, in 
terms of research-based policies, to probe the drivers of COE so that effective policies 
could be introduced in the future.

It is a well-cited point that economic growth (EG) is mainly accountable for the high 
COE (Abbasi et al., 2022; Acheampong, 2018; Bandyopadhyay et al., 2022; Esmaeili et al., 
2023; Liu et al., 2022b). In environmental economics, the Environmental Kuznets Curve 
(EKC) hypothesis remains the center of the debate, claiming that income is responsible for 
environmental deterioration at the early stage of development, but it plunges environmental 
degradation once a country crosses a certain level of income. Although the authenticity 
of the EKC hypothesis has enormously been scrutinized, the contrasting findings create 
interest to further investigate it to avoid any ambiguity. It is worth noting that the EKC 
possesses several shapes, thereby each shape proposes a separate policy implication. For 
instance, the U-shaped EKC describes that a higher income level escalates environmental 
degradation, therefore, the environment can be protected at the cost of income, and vice 
versa. Thus, probing the validity of EKC to devise environmental protection policies is 
imperative. There might be several reasons for inconclusive findings on the validity of 
the EKC hypothesis such as the choice of methodology, choice of independent variables, 
choice of economic sectors, and choice of economic/empirical modeling for the EKC 
(Shahbaz and Sinha, 2019).

In the prior literature, several socioeconomic indicators (e.g., unemployment, pop-
ulation, energy, etc.) have been embodied in the EKC framework to discern both the 
existence of the EKC hypothesis and the influence of socioeconomic indicators on COE 
(Syed and Bouri, 2021; Bhowmik et al., 2021; Syed et al., 2022; Anwar et al., 2023; Cai 
et al., 2022; Habiba et al., 2022; Sun et al., 2022; Bhowmik et al., 2022). However, the 
literature disregards whether climate policy uncertainty (CPU) impacts COE, especially 
in the EKC framework. It is worth describing that CPU can affect COE through sev-
eral channels. For instance,  the CPU can compel individuals to use traditional energy 
sources, which, in turn, upsurges COE. Next, higher CPU implies that policymakers are 
more focused on economic stability and hence not taking environmental policies as their 
core agenda. This transmits a signal to the economy that there is still room to keep using 
cheap energy sources (i.e., fossil fuels), generating higher COE. On the contrary, Fried 
et al. (2021) propose two channels that connect the CPU with emissions. First, the CPU 

1 https:// ourwo rldin data. org/ co2/ count ry/ united- states.

https://ourworldindata.org/co2/country/united-states


Testing the environmental Kuznets curve (EKC) hypothesis amidst…

1 3

acts as a carbon tax and plunges the envisaged value of returns on the fossil fuel capital 
compared to the green energy capital, switching the economy to green energy which 
leads to lower levels of COE. Second, CPU impedes the marginal product of fossil fuel-
based capital, resulting in low output and COE. Hence, CPU may increase/decrease 
emissions based on the dominancy of opposing theoretical channels/effects. Recently, 
Gavriilidis (2021)  presented the climate policy uncertainty (CPU) index and links it 
with total and sectoral COE using the vector autoregressive model (VAR) model. The 
author notes that CPU has a significant impact on COE at both the aggregate and sec-
toral levels. However, the aforementioned study has some limitations. For instance, the 
author ignored the structural breaks in the dataset, while ignoring breaks might cause 
wrong inferences. Second, the aforementioned study does not adopt any economic the-
ory/model (e.g., the EKC hypothesis, STIRPAT model, etc.) and hence disregard eco-
nomic basis. Third, the existing literature may suffer from omitted variable bias since 
no control variable has been used by Gavriilidis (2021). Finally, the separate short-run 
(henceforth SR) and long-run (henceforth LR) impacts of CPU on COE have been disre-
garded in the existing literature, which could be used to devise separate policies across 
different time horizons. Thus, reinvestigating the CPU-COE nexus is imperative while 
addressing all the aforementioned limitations.

Another reason behind contrasting findings on the EKC is the choice of economic sec-
tors (e.g., the industrial sector, the residential sector, the commercial sector, etc.). Every 
sector has its particular dynamics in terms of the quantity of energy used, the nature of the 
energy source, the level of economy of scale, and the nature of economic and environmen-
tal policies (Htike et al., 2021). For instance, the industrial sector is considered a relatively 
dirtier sector compared to the residential sector because households switch to renewables 
as income escalated. Thus, it might be possible that each sector has a different situation in 
the income-emission nexus. Thus, it is indispensable to test the authenticity of the EKC at 
the sectoral level.

Keeping in view  the  above-mentioned arguments, this study has the objective 
to discern the impact of CPU on  sectoral COE in the US while using the EKC frame-
work. We choose the US because it is the largest economy and the second-largest carbon 
emitter  in  the world.  Regarding the climate/environmental policies of the US, National 
Environmental Policy Act (1969–70) was the first attempt by the US to replenish the qual-
ity of the environment. Thereafter, several environmental policies were introduced in the 
US, and these policies are still active. Also, the element of uncertainty is associated with 
them, creating ambiguity in the decision-making of individuals and hence affecting envi-
ronmental quality. For instance, as highlighted by Fried et al. (2021), there does not exist 
any federal carbon tax in the US. However, growing environmental concerns posit threats 
to adopting carbon taxation soon, generating risks related to climate policy. Moreover, the 
heterogeneous policies related to renewables’ imports and investment incentives on renew-
ables in consort with shocks in non-renewable energy prices also generate uncertainty in 
climate policy. Therefore, it is inevitable to quantify its environmental impacts.

We attempt to contribute from three angles. Firstly, this is the earliest attempt to test 
the existence of the EKC amidst CPU on sectoral COE. Second, we adopt  the SOR unit 
root test, renowned for handling smooth and sharp structural breaks in the dataset and 
hence outperforms traditional unit root tests (e.g., ADF test, LM unit root test, etc.). Third, 
we employ the novel Fourier ARDL methodology (henceforth FARDL)  to probe the SR 
and LR impact of CPU on sectoral COE. The advantage of FARDL lies in its ability 
to cover smooth and sharp structural breaks, which motivates us to adopt it for this study.
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2  Relevant existing literature

2.1  The EKC at the sectoral level

While testing the EKC hypothesis at the sectoral level, Congregado et al. (2016) note 
that the EKC holds for all selected sectors excluding the industrial sector. In the case of 
China, Wang et al. (2017) validate the existence of the EKC just for the electric power 
sector. Zhang et al. (2019) use a global sample to test the sectoral EKC hypothesis. The 
authors report that the EKC holds for the industrial and manufacturing sectors. While 
Raza et al. (2020) noted the validity of the EKC for the residential sector. Contrary to 
this, Fujii and Managi (2013) notice the N-shaped EKC for several sectors in the OECD 
countries. In selected OPEC countries, Moutinho et al. (2020) report the U-shaped EKC 
for various sectors. Likewise, Erdoğan et al. (2020) conclude the absence of the EKC 
hypothesis in selected G20 countries.

Using a panel dataset for 86 developing countries, Htike et al. (2021) investigate the 
EKC at the sectoral level. The authors report heterogeneous findings across the sectors. 
That is, the EKC is validated for the energy sector, electricity and heat production sec-
tor, and commercial and public services sectors. On the contrary, the EKC is invalid 
in the agriculture and transport sectors. Congegado et al. (2016) examine whether the 
EKC exists across sectors in the US using quarterly data. The findings claim that the 
EKC holds for the transport, commercial, residential, and electric power sectors. Inter-
estingly, the EKC is invalid for the industrial sector. Aslan et al. (2018) test the valid-
ity of the EKC at the sectoral level in the US. The findings from the rolling windows 
procedure report that the EKC is valid for the electric power, industrial, and residential 
sectors. Using a panel dataset for several sectors of Spain and Portugal, Moutinho et al. 
(2017) examine the existence of the EKC-type relationship. The study notes heteroge-
neous findings, i.e., the EKC is valid for some sectors and remains invalid for other 
sectors.

For 27 European countries, Pablo-Romero et  al. (2017) probe the EKC hypothesis 
in the transport sector. The study notes that there is an inverted U-shaped relation-
ship between income and emissions. Using the ARDL approach, Hashmi et al. (2020) 
attempt to probe the relationship between the services sector’s income and emissions 
in Pakistan. The authors conclude that there is a presence of the EKC hypothesis in 
the services sector of Pakistan. For ten selected countries, Erdogan et al. (2020) probe 
the EKC hypothesis, and report that there is an inverted U-shaped relationship been 
EG and COE in the transport sector. Moutinho et  al. (2020) examine the validity of 
the EKC hypothesis at the sectoral level for 12 OPEC countries using panel data. The 
authors reveal that for all sectors, EG and COE have a U-shaped relationship. From this 
discussion, it is manifested that the validity of EKC at the sectoral level is not well-
established; therefore, the following hypothesis could be developed.

H0 1 There exists an inverted U-shaped relationship between EG and COE (the EKC 
hypothesis) at the sectoral level.

It is worth noting that testing the aforementioned hypothesis is indispensable for 
many reasons. For instance, it will help to explain whether the validity of the EKC 
hypothesis varies across sectors. Also, EG is a solution to curb COE at the sectoral 
level. Moreover, is there a need to devise heterogeneous sector-specific policies to 
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achieve carbon neutrality targets? Finally, it will complement existing literature, on the 
sectoral EKC, to reach a particular conclusion.

2.2  Key drivers of COE

Like EG, energy consumption (ECN) is one of the vital influencing factors of COE. In par-
ticular, fossil fuel-based energy sources are among the top culprits for high levels of COE. 
There exists a bagful of literature with the conclusion that ECN (i.e., non-renewable) leads 
to higher COE (Dogan and Aslan, 2017; Dogan et al., 2017). Prior literature segregates the 
energy-emissions nexus into several dimensions. For instance, some researchers examine 
the energy-emissions relationship at the sectoral level. In this dimension, Nain et al. (2017) 
probe whether ECN causes COE at the sectoral level using the causality test. The findings 
report that ECN impacts COE across the sectors. Similarly, Yin et al. (2015) probe whether 
ECN impacts COE at the global level. The findings document that ECN upsurges COE. 
Zhou et al. (2018) also reach a similar conclusion for the industrial sector. Moreover, sev-
eral studies segregate ECN into renewable and non-renewable components, and they report 
that renewables reduce COE, while non-renewables increase it (Dogan and Seker, 2016). 
Maji and Adamu (2021) explore whether renewable energy mitigates COE in Nigeria. The 
findings from OLS estimators report a heterogeneous outcome, i.e., renewable energy does 
not wane COE in the construction sector, agriculture, and manufacturing sector. On the 
contrary, renewable energy mitigates COE in the transport sector, residential, and commer-
cial sectors (Liu et al., 2022a; Anwar et al., 2021a, 2021b).

Similarly, a rise in population growth exerts pressure on the demand for goods/services. 
As a result, ECN and COE witness an enormous upsurge (Anser et al., 2021a; Anwar et al., 
2021a; Wen et al., 2021). Urbanization also raises the ECN and eventually, COE delineate 
an upsurge (Sadorsky, 2014; Zhang et al., 2018). Apart from the aforementioned factors, 
several other drivers of COE are reported in the literature such as trade (Halicioglu, 2009), 
financial development (Lv and Li, 2021; Anwar et  al., 2022; Chien et  al., 2021; Farooq 
et  al., 2021), institutional quality (Sarkodie and Adams, 2018), economic policy uncer-
tainty (Syed et al., 2022), unemployment (Anser et al., 2021b), and geopolitical risk (Zhao 
et al., 2021; Anser et al., 2021c).

Using data from the European and Central Asian regions, Salahodjaev et al. (2022) dis-
cern whether tourism and renewable energy contribute to emissions. The authors conclude 
that tourism is an imperative trigger of COE in European and Central Asian regions. While 
applying FMOLS and DOLS, Anwar and Malik (2022) and Salem et al. (2021) confirm 
that renewable energy reduces COE. Using the wavelet coherence approaches, Habib et al. 
(2021) investigate the role of COVID-19 and oil prices in global COE. The authors confirm 
that both the COVID-19 pandemic and oil prices plunge COE worldwide. Oad et al. (2022) 
investigate the effect of tourism on COE in Pakistan. The outcomes from the error correc-
tion model delineate that tourism does not impact COE in the LR. For South Asian econo-
mies, Mehmood (2022) probes the impact of EG, ECN, and trade on COE. The results 
retrieved from the CS-ARDL approach conclude that EG and ECN escalate COE, whereas 
trade impedes COE.

The author claims that EG, coal, and natural gas consumption enhance COE in the 
LR. Recently, Zeng and Wang (2023) investigate the role of EG, trade, and technol-
ogy in curbing COE in China. The study notes that these aforementioned elements 
impact COE in the LR. In a recent study, Kaya Kanlı and Küçükefe (2023) conduct 
a global analysis to test the EKC hypothesis. The study reveals that the EKC is valid 
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for high-income countries whereas low-income countries do not follow the EKC path. 
Lv et al. (2023) not only validate the EKC hypothesis for China, but also confirm that 
technology, population, and urbanization enhance COE. Using the data for 36 Asian 
economies, Bilgili et  al. (2023) explore whether gender plays any significant role in 
predicting COE. The study discusses that males and females have heterogeneous envi-
ronmental impacts. Similarly, Cheng and Hu (2023) discern whether urbanization 
explains COE using the STIRPAT framework for China. The authors point out that 
urbanization upsurges industrial, residential, and construction-related COE in China. 
Husnain et al. (2022) conclude that geopolitical tensions impact emissions. Awan et al. 
(2022) confirm that internet usage is a key driver of emissions. Zhang et  al. (2023) 
conclude that policy uncertainty impacts emissions in the US.

Regarding the existing literature on CPU, Fuss et al. (2008) propose two channels 
that connect the CPU with COE. First, the CPU is responsible for the “wait and see” 
policy which encourages producers not to invest in green energy and keep using non-
renewable sources of energy. On the contrary, CPU may create fear in individuals 
related to high environmental taxes, and, hence, investment in green energy escalates. 
As a result, COE mitigates over time. Golub et al. (2018) highlighted that the CPU mit-
igates the investment in low-carbon technology, and hence, the CPU is responsible for 
the high levels of emissions. Using the DSGE framework, Fried et al. (2021) note that 
CPU impedes COE. We can conclude that innovations, technological advancement, 
and investment in research and development discourage renewable energy consump-
tion which in turn enhances emissions. It could be concluded from the aforementioned 
study that CPU will upsurge fossil fuel energy through the energy price effect, thereby 
COE is expected to increase. Recently, using the vector autoregressive (VAR) model, 
Gavriilidis (2021) noted that CPU mitigates total and sectoral COE. Keeping in view 
the aforementioned discussion, the second hypothesis could be developed as follows.

H0 2 There is an impact of CPU on sectoral COE.

It is inevitable to test this hypothesis for several reasons. For instance, it will guide 
whether CPU has any significant impact on sectoral emissions. Second, whether CPU 
has a heterogeneous environmental impact on sectoral emissions. Should CPU be con-
sidered to model COE? Finally, this will help to complement the spare literature on the 
CPU-COE nexus, and researchers will further dig deep into this issue.

It is worth mentioning that prior literature on the income-emissions nexus does not 
test the validity of the EKC hypothesis amid CPU at the sectoral level. On top of this, 
the existing studies do not cover the dynamic (SR and LR) impact of CPU on COE. 
Therefore, this study explores the impact of CPU on sectoral COE using the FARDL 
approach.

3  Model and data

3.1  Economic/empirical model

The literature on environmental economics describes several frameworks/models to test 
the drivers of COE; nonetheless, the EKC framework has been extensively used (Shah-
baz and Sinha, 2019). The EKC delineates that EG and COE depict an inverted U-shaped 
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association. However, the conventional EKC framework suffers from the problem of model 
misspecification (Stern, 2004). Moreover, the econometric modeling behind the EKC 
hypothesis is found to be weak (Stern and Common, 2001). According to the study of 
Narayan and Narayan (2010), the conventional EKC may also contain the issue of multi-
collinearity due to square and/or cubic terms of income (i.e., GDP). Hence, the aforemen-
tioned study modified the conventional EKC framework by excluding the quadratic and/or 
cubic terms from the model and comparing the magnitude of the SR and LR elasticities of 
income. If the SR income elasticity is higher than the LR income elasticity, the EKC will 
hold. Recently, several researchers employ the EKC hypothesis modified by Narayan and 
Narayan (2010) to test the influencing factors of COE (see, inter alia, Danish et al., 2020). 
Based on the merits of the aforementioned EKC framework compared to the conventional 
EKC model, we also utilize the same framework while discerning whether CPU affects 
sectoral COE. Other than EG, ECN is another crucial driver of COE. Energy sources 
mainly consist of fossil fuels that contain high-carbon components, resulting in high levels 
of COE. Many studies recently use ECN (see, for example, Mesagan and Olunkwa, 2022; 
Bhowmik et al., 2023). Hence, we follow the empirical model of Hashmi et al. (2022), who 
include ECN in the EKC framework to discern the impact of geopolitical risk on global 
COE. The EKC framework with the inclusion of ECN and CPU is expressed as follows:

In Eq. (1), COE denotes the vector of sectoral carbon emissions, while IPI is industrial 
production (a proxy for EG).2 Next, ECN represents the vector of sectoral energy consump-
tion, and CPU denotes climate policy uncertainty. The expected sign of ECN and IPI is 
positive, showing that ECN and IPI contribute to COE (Bhowmik et al., 2021). Since CPU 
affects COE through different channels, we are unable to envisage the sign of CPU.

3.2  Data

To accomplish its objective (i.e., investigating the impact of CPU on COE at the sectoral 
level), this study makes use of monthly time series data from 2000M1 to 2020M12 for the 
US. We analyze five sectors, namely the transport sector, the industrial sector, the electric 
power sector, the residential sector, and the commercial sector. Hence, the dependent vari-
ables include COE from the transport sector, the industrial sector, the electric power sector, 
the residential sector, and the commercial sector. Further, all dependent variables (sectoral 
COE) are measured in metric tons, and their data are gathered from Energy Information 
Administration (EIA).

Next, we adopt sectoral energy consumption and industrial production index as control 
variables. The energy consumption for all sectors is measured in British Thermal Units, 
while the industrial production index is measured as the level of production against 2010 as 
the base year. The data on the industrial production index (IPI) is downloaded from Federal 
Reserve Economic Data (FRED), while we obtain data on sectoral energy from EIA.

With regard to the key independent variable (i.e., CPU) of this empirical study, we 
adopt the climate policy uncertainty index recently proposed by Gavriilidis (2021). Follow-
ing the methodology of Baker et al., (2016), who develop the economic policy uncertainty 

(1)COE = f (IPI, ECN, CPU)

2 The data on GDP at monthly frequency is unavailable, therefore, researchers widely use IPI as a proxy for 
GDP. See, e.g., Bhowmik et al. (2021) and Syed and Bouri (2022a).
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index, Gavriilidis (2021) measured the CPU index based on the frequency of newspaper 
articles on climate policies. In particular, the above-mentioned study computes the propor-
tion of newspaper articles, which contain words related to climate policy uncertainty (e.g., 
‘climate uncertainty,’ ‘climate change,’ ‘environmental legislation,’ among others), in the 
total number of newspaper articles. To compute the CPU index, data from eight leading 
daily newspapers in the US have been used. For the details regarding the methodology of 
the CPU index, readers are advised to follow Gavriilidis (2021). A large number of studies 
have been using policy uncertainty indices since the seminal work by Baker et al. (2016) 
(see, e.g., Syed and Bouri, 2022). It is worth mentioning that we transform the entire data-
set into the natural logarithmic format to avoid heteroscedasticity. Figure 1 summarizes the 
data used in this analysis.

Next, Table  1 describes the descriptive statistics of the selected dataset. As depicted 
in Table  1, IPI contains the highest mean, whereas standard deviation is the highest for 
CPU. Next, the entire dataset is negatively skewed, while a few variables (e.g., CPU) con-
tain a heavy tail. Moreover, all selected variables follow non-normal distribution excluding 
 ECNIndustry and  ECNelectricpower.

4  Methodology

The study follows a three-step methodological procedure to evaluate the impact of CPU on 
sectoral COE emissions. The first step revolves around testing the unit root using the novel 
SOR test. In the second step, the FARDL bounds test is applied to investigate whether CPU 
and COE have any long-run association across the selected sectors. Finally, LR and SR 
estimates are retrieved from FARDL model.

4.1  SOR unit root test

It is inevitable to probe the order of integration (i.e., unit root) to avoid spurious findings 
(Zhang et al., 2022; Zheng et al., 2022; Zhou et al., 2022; Durani et al., 2023). The exist-
ing literature provides several unit root tests, such as ADF unit root test and Fourier-based 
test, among others. However, these tests suffer from certain drawbacks, generating a strong 
likelihood of wrong inferences (Enders and Lee, 2012). For instance, the ADF unit root test 
does not cover the presence of structural breaks. Moreover, the ADF test has low explana-
tory power, which makes it unsuitable in the case of small datasets (Ng and Perron, 2001). 
Likewise, Fourier-based unit root tests (e.g., Enders and Lee (2012), etc.) also contain a 
few drawbacks. Although the Fourier approximation captures the presence of sharp breaks, 
it over-fits the data and hence causes problems of over-filtering, especially in the stochas-
tic part of the data series (Omay et al., 2020). By contrast, Shahbaz et al. (2018) propose 
a two-step procedure in SOR unit root tests, having the ability to capture state-dependent 
nonlinearity and sharp and smooth breaks, without creating over-fitting problems (Shah-
baz et al., 2022). Therefore, the analysis uses the SOR test put forward by Shahbaz et al. 
(2018). The SOR test outperforms other conventional tests since it accounts for the sharp 
and smooth structural breaks in the data, providing reliable estimates. The test follows a 
two-step procedure delineated below:

In step-1, an algorithm on constraint nonlinear optimization is applied. Then, the deter-
ministic component of the suitable model is estimated. Next, the residuals are calculated 
using models A, B, and C, reported as follows:
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Fig. 1  Data summary

Table 1  Descriptive statistics

*p < 0.10, **p < 0.05, ***p < 0.01. (.) contains p-value

Variable Mean SD Skewness Kurtosis Jarque-Bera

CPU 4.18 0.89 −0.86 4.40 (0.00)***
IPI 4.56 0.05 −0.44 2.14 (0.00)***
ECNTransport 0.52 0.00 0.21 2.28 (0.00)***
ECNIndustry 0.51 0.00 −0.08 2.36 (0.11)
ECNResidential 1.47 0.01 −0.12 2.12 (0.01)**
ECNCommercial 0.53 0.00 −0.20 2.24 (0.05)*
ECNElectric power 0.59 0.00 −0.09 2.50 (0.28)
CO2Transport 2.19 0.02 −0.40 3.30 (0.02)**
CO2Industry 2.11 0.03 −0.02 1.94 (0.00)***
CO2Residential 1.96 0.10 0.21 2.41 (0.06)*
CO2Commercial 1.91 0.05 −0.37 3.02 (0.02)**
CO2Electric power 2.24 0.07 −0.55 3.01 (0.00)***
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In step-2, we compute Enders and Lee (2012) (henceforth, Enders & Lee, (2012)) test 
statistic, which is the t ratio affiliated with �̂ in the following OLS regression:

In Eq. (5), d(t) represents a deterministic function of t, while �t is a stationary error term 
that contains a variance σ2. Next, it is worth reporting that �t is weakly dependent. Further-
more, its initial value is supposed to be fixed. We can directly estimate Eq. (5) and test the 
null hypothesis of a unit root (i.e., �1 =1), if the functional form of d(t) is known. However, 
the actual form of d(t) is unknown, hence, testing can be incorrect for �1 =1, if d(t) is mis-
specified. Therefore, the procedure adopted here is established on the theory that it is con-
ventionality possible to approximate d(t) by employing the following Fourier expansion:

In Eq. (6), T is the number of observations, k denotes the frequency, n depicts the num-
ber of cumulative frequencies achieved in the Fourier function’s approximation. It is worth 
mentioning that if there does not exist a nonlinear trend all values of �k = �k = 0, indicat-
ing a special case. It is also documented that the value of n should not be large since it may 
lead to an over-fitting problem. Next, it is empirically evident that the functional form of 
smooth breaks can be constructed through Fourier approximation (Bierens, 1997; Gallant 
and Souza, 1991). Furthermore, to allow the evolution of nonlinear trends to be impercep-
tible, n needs to be small. Hence, the final equation contains the following form:

while testing the equation, to account for any stationary dynamics in ∈̂t , it is common to 
augment the dependent variables’ lag value. Next, to construct ∈̂t, the value of EL test 
statistic is delineated as ��� in Model A, ���(�) in Model B, and  ���,� in Model C. In the 
case of the SOR test, an inevitable issue is to check whether the small number of frequency 
components can replicate the types of breaks, observed in the time series dataset. Using a 
single-frequency component denoted as k, Fourier approximation is considered to cover the 
aforementioned issue. Next, αk and  βk show the amplitude and displacement of the sinu-
soidal component of the deterministic term. In the case of a single frequency (i.e., k = 1), 
this setting covers several smooth breaks. Finally, the Ho and  H1 hypotheses can be stated 
as follows:

H0: Linear non-stationary
H1: Nonlinear Stationary

(2)Model A ∶ ∈̂t = yt − �̂�1 − �̂�2Ft(�̂� , 𝜏)

(3)Model B ∶ ∈̂t = yt − �̂�1 − 𝛽1t − �̂�2Ft(�̂� , 𝜏)

(4)Model C ∶ ∈̂t = yt − �̂�1 − 𝛽1t − �̂�2Ft(�̂� , 𝜏) − �𝛽2Ft(�̂� , 𝜏)t

(5)∈̂t = d(t) + 𝜑1∈̂t−1 + 𝜀t

(6)d(t) = a0 +

n∑
k=1

�k sin
(
2�kt

T

)
+

n∑
k=1

�kcos
(
2�kt

T

)
, n ≤ T∕2

(7)Δ∈̂t = 𝛼0 +

n∑
k=1

𝛼k sin
(
2𝜋kt

T

)
+

n∑
k=1

𝛽kcos
(
2𝜋kt

T

)
+ 𝜑∈̂t−1 +

p∑
i=1

𝜔kΔ∈̂t−1 + vt
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It is worth noting that to test the hypothesis, we use critical values of Model A* pro-
vided by Shahbaz et al. (2018). Several researchers recently used SOR test (see, for exam-
ple, Hashmi et al., 2022; Syed et al., 2023).

4.2  The novel FARDL approach

To probe the cointegration betwixt variables, Pesaran et al. (2001) developed the ARDL 
bounds test. It is reported that the ARDL bounds test outshines other methods as it is appli-
cable even if the variables do not follow the same order of integration (Narayan, 2004). In 
the ARDL specification, we use the following model/equation in this study:

In Eq. (8), � shows the intercept, whereas �i , �i , �i , and  �i are SR coefficients. Further-
more, �i (i=1, 2, 3, 4) depicts the LR estimates. In addition, y, p, q, and m denote the lag 
order. Next, while v t is the disturbance term. The ARDL model is incapable of covering 
the structural breaks, while ignoring them may lead to weak inferences (Enders and Lee, 
2012). Thus, the analysis uses the Fourier approximation in the ARDL framework, because 
it can handle the presence of sharp and smooth breaks (Gallant, 1981; Gallant and Souza, 
1991). It is worth noting that the Fourier approximation does not entail any prior informa-
tion about the nature, frequency, and date/time of structural breaks. Not only this, unlike 
structural break dummies, the Fourier approximation does not require several parameters 
and hence provides good size and power properties (Enders & Lee, 2012). Based on the 
above arguments, we adopt the ARDL model with the Fourier approximation (i.e., the Fou-
rier ARDL approach) to explore the impact of CPU on COE. The final expression of the 
Fourier ARDL model yields:

where �1 and �2, respectively, represent the amplitude and displacement of the frequency 
component. Next, � = 3.14, k denotes the frequency of Fourier, t denotes the trend, and 
T represents the sample size. For further details related to the Fourier approximation in 
ARDL modeling, the reader is advised to see the studies of Solarin (2019), Pata and Aydin 
(2020), and Yilanci et al. (2020).

⎡
⎢⎢⎣

on linear and Stationary around

simulatenously changing

sharp and smooth trend

⎤
⎥⎥⎦

(8)
ΔCO2t =� +

y∑
i=1

�iΔCO2t−i +

p∑
i=0

�iΔECNt−i +

q∑
i=0

�iΔCPUt−i +

m∑
i=0

�iΔIPIt−i

+ �1CO2t−1 + �2IPIt−1 + �3CPUt−1 + �4ECNt−1 + vt

(9)

ΔCO2t =� +

y∑
i=1

�iΔCO2t−i +

p∑
i=0

�iΔECNt−i +

q∑
i=0

�iΔCPUt−i +

m∑
i=0

�iΔIPIt−i

+ �1CO2t−1 + �2CPUt−1 + �3IPIt−1 + �4ECNt−1 + �1 sin
(
2�kt

T

)

+ �2 cos
(
2�kt

T

)
+ vt
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5  Findings

5.1  Findings from SOR unit root

We start this section by reporting the findings from the SOR unit root test. As shown in 
Table 2, at I (0), the calculated t-statistics are lower than their respective critical values in 
the case of all considered variables. Hence, we could not reject the null hypothesis at I (0), 
implying that the dataset is not integrated at I (0). However, the calculated t-statistics are 
greater than the critical values at I (1), inferring that all variables follow I (1).

5.2  Cointegration from FARDL bounds test

In this section, we present the results of cointegration retrieved from the FARDL approach. 
As delineated in Table 3, the calculated value from the bounds test is greater than the upper 
bound values in the case of  CO2Commercial,  CO2Industrial,  CO2Electric Power, and  CO2Residential. 
However, the calculated value is less than its upper bound value in the case of  CO2Transport. 
Hence, we can reject the null hypothesis of no cointegration for all models excluding 
 CO2Transport. This implies that there exists LR association between CPU and sectoral carbon 
emissions except for the transport sector. This indicates that in LR, CPU and COE have 
comovement, while these aforementioned variables may deviate/diverge in SR. Therefore, 
any change in the CPU may alter the LR trend of emissions. Since we validate the cointe-
gration in our study, it would be plausible to separately estimate the SR and LR impacts of 
CPU on sectoral COE. To that end, we make use of FARDL approach presented in the next 
subsection.

Table 2  SOR unit root test

The critical values at 1%, 5% and 10% are -4.807, -4.281, and -4.007, 
respectively. Table 2 renders the results at level (i.e., I(0)). However, 
the results at I(1) are available upon request from the authors. Next, 
α2, T, γ, and αK are intercept, trend, slope parameter, and threshold 
parameters, respectively

Indicator t-statistic α2 T Γ αK

CPU −3.20 1.82 2.49 0.1 −0.02
IPI −3.04 6.20 2.41 0.1 0.03
ECNTransport −3.10 4.04 0.52 0.2 0.06
ECNIndustry −4.01 3.31 0.12 0.2 0.81
ECNResidential −3.06 2.82 0.49 1 −0.02
ECNCommercial −2.37 2.20 0.17 0.1 0.53
ECNElectric power −4.01 3.36 0.32 0.1 0.29
CO2Transport −3.36 4.04 2.59 1 0.06
CO2Industry −3.20 3.11 0.22 0.2 0.88
CO2Residential −2.97 3.66 2.11 0.2 0.26
CO2Commercial −3.95 4.35 1.09 0.1 0.16
CO2Electric power −3.16 5.16 0.93 1 −0.05
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5.3  Estimates from the novel FARDL model

We report the LR and SR estimates in this section. Since we are unable to find cointegra-
tion in the case of  CO2Transport, we do not report the LR and SR estimates for  CO2Transport.

In Table 4, section-S1 reports the SR estimates, section-S2 delineates the LR estimates, 
and section-S3 notes the diagnostics in consort with the Fourier terms. We set 4 maximum 
lags to choose the optimum lags for the FARDL model. Moreover, AIC is used to select the 
best-fitted FARDL model.

Regarding the residential sector, all SR and LR estimates are statistically significant. 
This indicates that CPU, IPI, and ENC affect the residential sector emissions. The coef-
ficient of CPU is 0.008 and 0.033 in the SR and LR, respectively. This implies that a 1% 
increase in CPU escalates the residential sector’s COE by 0.008% and 0.033% in the SR 
and LR, respectively. Also, the magnitude of CPU is relatively high in the LR. This infers 
that there exists a relatively profound impact of CPU on emissions in the LR. Likewise, 

Table 3  Cointegration Dependent variable Value Lower bound Upper bound

CO2Residential

F-test 25.73 4.89 6.16
CO2Transport

F-test 1.87 4.89 6.16
CO2Industrial

F-test 25.17 4.89 6.16
CO2Commercial

F-test 28.97 4.89 6.16
CO2Electric power

F-test 31.07 4.89 6.16

Table 4  LR and SR estimates

We do not explicitly report the diagnostics; however, they are available upon request. Next, *p < 0.10, **p 
< 0.05, and ***p < 0.01

Variable CO2Residential CO2Commercial CO2Electric power CO2Industrial

Section-S1 [SR results]
CPU 0.008** 0.008*** 0.008*** 0.001
IPI 1.187*** 0.641** 0.720*** 0.731***
ENC 2.01*** 3.401*** 2.331*** 1.323***
Section-S2 [LRrun results]
CPU 0.033*** 0.012*** 0.020** −0.203
IPI 0.36*** 0.138* 0.391*** 0.393***
ENC 7.499*** 0.001*** 2.854 2.204***
Section-S3 [diagnotics]
ECT −0.48*** −0.31*** −0.47*** −0.72***
Adjusted-R2 0.83 0.57 0.61 0.70
μ1 0.006* 0.002 0.001 0.001
μ2 −0.008* −0.100 −0.005* −0.002*
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ECN and IPI are also positive in both the LR and SR, indicating that residential sector 
energy consumption and industrial output contribute to carbon emissions.

Next, for the commercial sector, all coefficients are statistically significant in the LR 
and SR. The coefficient of CPU is 0.008 and 0.012 in the SR and LR, respectively. This 
expounds that a 1% upsurge in CPU increases the commercial sector COE by 0.008% and 
0.012% in the SR and LR, respectively. Thus, we note that CPU leads to higher emissions 
in the commercial sector. As can be noticed, the magnitude of the CPU is relatively small 
in the SR. In addition, the coefficient of ECN and IPI is positive, indicating that energy 
consumption and industrial output are the drivers of COE. Finally, we report the existence 
of the EKC hypothesis as the value of IPI is relatively high in the SR.

Similarly, in the electric power sector, the coefficients are statistically significant either 
in the SR or LR. The coefficient of CPU is 0.008 and 0.020 in the SR and LR, respec-
tively. This explains that a 1% rise in CPU contributes to levels of emissions by 0.008% 
and 0.020% in the SR and LR, respectively. The value of CPU in LR is higher than its 
value in SR, concluding the meager impact of CPU in the SR. The findings of control 
variables highlight that industrial production and energy consumption leads to higher emis-
sions, while we report the validity of the KEC hypothesis based on the magnitude of IPI in 
the LR and SR.

Regarding the findings for the industrial sector, the coefficient of CPU is statistically 
insignificant in both the LR and SR. This infers that the CPU does not explain the indus-
trial COE. Next, the coefficient of IPI and ECN is positive and statistically significant, 
noting that industrial COE depends on the levels of energy consumption and industrial 
production, while a relatively high magnitude of CPU in the SR compared to its LR coun-
terpart validates the presence of the EKC hypothesis.

Regarding the economic rationale behind key findings, prior literature assists us. For 
instance, Fuss et  al. (2008) conclude that CPU profoundly impedes investment in green 
energy, research and development, and innovation. As a result, renewable energy witnessed 
a decline, and, hence, COE is expected to upsurge. In addition to this, the CPU plunges 
fossil fuel energy (oil and gas) prices, which, in turn, escalates non-renewable energy con-
sumption. This increase in non-renewables ultimately upsurges COE. Also, the uncertainty 
may show that policymakers have not been considering environmental degradation as an 
inevitable issue, and there still exist odds to use non-renewables in order to minimize cost 
(Jiang et  al., 2019). As a result, COE will be increased. Interestingly, our findings con-
tradict the conclusion of Gavriilidis (2021), who noted that CPU plunges emissions. The 
reasons behind the opposite results might be the difference in model and methodologies.

Related to the outcomes on ECN and IPI, it is evident that energy consumption in the 
US is dominated by non-renewable energy sources, which are responsible for tons of 
COE. These results are similar to the findings by Hashmi et al. (2022), who noted that 
global energy consumption triggers global emissions. The coefficient of IPI is positive 
across the SR and LR, implying that industrial production enhances the emissions in 
the residential sector. Nonetheless, the magnitude of the coefficient on IPI is relatively 
smaller in the LR, validating the existence of the EKC hypothesis. This argues that IPI 
enhances emissions at the initial stage of economic prosperity. However, an increase in 
IPI beyond a specific threshold will wane emissions. Our result related to IPI supports 
the key findings of Bhowmik et al. (2022), who revealed that IPI has a U-shaped rela-
tionship with emissions in the US.

Next, section-S3 of Table 4 presents the Fourier terms in consort with the adjusted-
R2 and ECT (error correction term). The ECT reports that deviation from the equilib-
rium will be converged since the ECT is statistically significant with a negative sign. 
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Moreover, the adjusted  R2 expounds on the explanatory power of the independent varia-
bles. In addition, μ1 and μ2 refer to the displacement and amplitude, covering the smooth 
and sharp structural breaks. It is worth reporting that we perform all conventional diag-
nostics (e.g., ARCH test, serial correlation test, CUSUM test, and CUSUM-square test), 
reporting that all models do not contain any problem.

6  Conclusion

The unprecedented upsurge in the levels of COE has been causing a momentous threat 
to the entire world. Therefore, it is inevitable to examine the drivers of COE to develop 
policies that help to achieve Sustainable Development Goals. The relevant literature dis-
regards the impact of CPU on COE; therefore, we discern whether CPU determines the 
levels of carbon emissions in the US. Particularly, we use sectoral carbon emissions to 
probe the impact of CPU across different sectors. To this end, we employ the novel SOR 
unit root test put forward by Shahbaz et  al. (2018) in consort with the novel FARDL 
model. We reveal that there does not exist any cointegration between CPU and transport 
sector COE. The findings also document that CPU upsurges the emissions in the resi-
dential sector, the commercial sector, and the electric power sector during the SR and 
LR. Next, we report that the CPU does not exert any impact on industrial COE across 
the LR and SR.

We propose a few policy recommendations in light of our findings:

(1) The existence of the EKC hypothesis in all sectors proposes that higher EG is a key to 
achieve improved environmental quality. Therefore, policymakers need to take meas-
ures to escalate EG such as human capital, improved institutional quality, stable eco-
nomic policies, etc.;

(2) Since we do not find any LR association between CPU and COE in the transport and 
industrial sector, any uncertainty related to environmental policy does not affect emis-
sions in these sectors. Therefore, in the transport and industrial sector, policymakers 
can introduce reversible environmental policies;

(3) Policymakers should introduce clear and well-defined environmental policies in the 
commercial, residential, and electric power sectors to avoid any uncertainty, which, in 
turn, generates strong emissions;

(4) Next, policymakers need to avoid policy reversals related to environmental policies 
in the commercial, residential, and electric power sectors. Since CPU has a relatively 
profound impact in the LR, policymakers need to put efforts to shrink CPU in the LR 
to curb emissions;

(5) Since CPU enhances the COE in the commercial, residential, and electric power sec-
tors, policymakers should devise policies to encourage renewable energy consumption 
during times of high CPU. For instance, policymakers can plunge sales tax and tariffs 
on renewables to escalate their usage during the high CPU regimes.

On the limitations of this study, we use monthly data due to the availability of CPU at 
a monthly frequency. Due to this reason, we do not include other control variables such as 
technological innovations, institutional quality, globalization, urbanization, etc. On top of 
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this, the CPU index is developed for the US, and hence, we do not incorporate other coun-
tries in this analysis.

Regarding future research directions, researchers can explore the impact of CPU on dif-
ferent sources of COE. Also, the Fourier NARDL approach could be employed to see the 
impact of positive and negative shocks on carbon emissions. In addition, the CPU might be 
used as a mediator/moderator while exploring the energy-emissions nexus. Also, the CPU-
emissions nexus can be explored across different quantiles of (in)dependent variables. 
Finally, researchers can also probe different channels through which the CPU affects COE.
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