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ABSTRACT This paper firstly puts forward to explore the multi-scale, nonlinear quantile interactions
between investor attention and the carbon market from January 2009 to December 2022. To achieve this
goal, this study employs the adjusted CEEMDAN (complete ensemble empirical mode decomposition with
adaptive noise) method, nonparametric quantile causality test, and quantile regression approach. The results
illustrate that the Granger causality between investor attention and the carbon market is bidirectional and
asymmetric across all scales. The explanatory power is stronger under extreme market conditions than in the
case of normal markets at the short- and medium-term scales, whereas it is greater under normal markets
in the long run. Furthermore, the marginal effect of investor attention on the carbon market is asymmetric
across the whole quantiles. These evidences provide invaluable guidance for regulators to monitor risks in
the carbon market and for investors to hedge risks aimed at different time horizons.

INDEX TERMS Carbon market, investor attention, GSVI, quantile causality test, multi-scale, quantile
regression.

I. INTRODUCTION
With the rapid development of the global economy, green-
house gas emissions have caused global climate change,
posing a great threat to human survival and development.
To cope with the frequent natural disasters brought about
by climate change, carbon neutrality has become a global
voice [1], even in the face of increasingly complex inter-
national political environments and increased downward
pressure. By the end of December 2021, 136 countries had
pledged to become carbon-neutral, including the European
Union, China, the United Kingdom and Japan [2]. More
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importantly, a sound carbon market with a pricing function
is essential for achieving carbon neutrality.

The carbon emissions trading market has become one
of the most important carbon pricing mechanisms for the
international community to mitigate climate change [3].
According to the State and Trends of Carbon Pricing 2023,
73 carbon pricing mechanisms are in operation worldwide.
In 2022, the global carbon pricing revenuewas approximately
$95 billion, of which the European Union Emissions Trading
Scheme (EU ETS) contributed more than 40%. According
to the European Commission [4], the EU ETS serves as the
biggest carbon market globally and is the pioneering one.
Moreover, the carbon emission trading price largely mirrors
the price trends in the worldwide carbon market. Actually,
influenced by multiple complex factors, carbon prices exhibit
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violent fluctuations. Since the start of 2022, the EU carbon
prices have been fluctuating and increasing. Following the
conflict between Russia and Ukraine, it dropped by 40% to
58 euros per ton. Nevertheless, the carbon price of the EU
has risen by 22% since the beginning of this year, owing to
increased natural gas consumption, changes in energy policy
and other factors. As a result, the fluctuation of carbon prices
does not only significantly affect the investment expectations
in carbon markets, but also fundamentally affects the global
carbon market development tendency. Under the carbon neu-
tralization target, changes in carbon prices have attracted
more and more attention from all sectors of society.

The massive trading volumes, significant price fluctua-
tions, and stringent financial regulations have led to the EU
carbonmarket being considered as a customary financial mar-
ket for scrutinizing its financial features. In fact, influenced
by many complex factors such as energy price, financial
market, climate policy and uncertain events, carbon prices
have conspicuous nonlinearity, uncertainty and space-time
heterogeneity [5], [6], [7]. Simultaneously, with the gradual
advancement of carbon market financialization and global-
ization, carbon market products have been added to the group
of assets held by investors, thereby increasing the correlation
among the carbon market, stock market, energy market, and
others [8], [9]. This correlation, in turn, makes the volatility of
the carbon market not only affected by fundamental factors,
but also attracted increasing attention from investors. The
rise of big data technology means that public concern has a
crucial influence on carbon markets [10]. In contrast to the
assumption of the rational asset pricing model, the attention
of investors arising from behavior finance has a significant
impact on the dynamics of carbon prices [11]. Nevertheless,
there is limited research investigating the effect of investor
attention on carbon prices, let alone the nonlinear and com-
plex interactions between them.

There are various types of participants and investors in
the actual carbon emissions trading market; therefore, sig-
nificant heterogeneities and different behavioral cycles exist.
For instance, institutional investors in the futures market,
who solely engage in hedging, aim to only alleviate risks
within the spot market. Thus, they seek a long-term equi-
librium. Market regulators are primarily concerned with
long-term carbon reduction policies. However, speculators
tend to pay more attention to short-term returns. For regu-
lated enterprises, in the long run, carbon dioxide released
through industrial production has a demand-side effect on
carbon prices [12]. From this point of view, the effects of
investor attention on carbon prices differ across various fre-
quency horizons. Hence, in order to depict a time-varying
relationship pattern and attract investors throughout different
investment periods, it is essential to conduct a time-frequency
analysis.

Furthermore, in various market conditions (extreme values
or tails), investors’ attention may differ in terms of its direc-
tion, intensity, and content [13], [14]. For instance, in a bullish

market, speculators are more interested in carbon futures
prices than in a bearish market, as the former’s higher price
volatility signals more significant returns and vice versa.
Thus, it is crucial to investigate the asymmetrical impact of
investor attention on the carbonmarket under differentmarket
scenarios. Several scholars have examined how investors take
note of stock returns [15], [16], crude oil price [17] and
gold volatility [18] in diverse market scenarios. Nevertheless,
based on our knowledge, there is no study that considers the
asymmetries between investor attention and carbon price in
their interactions.

This study aims to analyze the effects of investor atten-
tion on carbon prices and returns under different market
conditions. This is accomplished by proposing a nonlinear
multi-scale analysis approach that combines the improved
complete ensemble empirical mode decomposition with
adaptive noise (CEEMDAN), nonparametric quantile causal-
ity test and quantile regression. The primary contributions of
this study to the current literature are as follows:

① To estimate the interactions between investor atten-
tion and the carbon market for different frequency horizons,
the CEEMDAN2014 (short for the improved CEEMDAN
method) approach is adopted to realize the multi-scale
decomposition of the original carbon price and investor atten-
tion signals. In comparison with other EMD-type models,
such as the traditional EMD, EEMD and VMD (variational
mode decomposition), the CEEMDAN model can reduce the
mode reconstruction error and solve the mode mixing prob-
lem, thereby improving the noise reduction performance [19],
[20]. However, the presence of residual noise in the modes
and the presence of spurious modes remain two problems.
In this context, the CEEMDAN2014 algorithm put forward
by Colominas et al. [21] can obtain components with reduced
noise, avoidance of spurious modes, and a clearer physical
significance. ② The nonparametric quantile causality test
proposed by Balcilar et al. [22] is implemented to capture the
nonlinear causation between investor attention and the carbon
market under various market conditions. It is meaningful
to measure and explore the impact of investor attention on
the carbon market only if a causal link exists between the
two. In order to investigate the predictive ability of investor
attention for carbon prices and returns under diverse mar-
ket conditions, the overall distribution of these variables
must be modeled instead of considering only their mean
values. In contrast, the nonparametric causality-in-quantiles
is robust in capturing the existence of causality at differ-
ent quantiles of the variables distribution and can detect
changes in causation immediately at each point of a given
conditional distribution [14], [22]. Furthermore, we examine
market conditions at different timescales through integrating
the CEEMDAN2014 algorithm and the causality-in-quantiles
approach. This process can not only bridge existing knowl-
edge gaps but also facilitate the acquisition of more inclusive
and accurate interactions between the two variables. ③ Quan-
tile regression is employed to examine the impact of various
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market conditions. The objective is motivated by the limited
information that a causal analysis may provide. The causal
analysis may explain if investor attention can predict car-
bon prices or returns. However, investors and policymakers
cannot deduce the exact features of the positive or negative
relationships between variables using only the causality test.
Thus, this paper employs quantiles regression to provide
further insight into how investor attention might drive the
carbon market and vice versa. Meanwhile, unlike the linear
model, this approach ensures the robustness of the regres-
sion results given the biased variable distribution and avoids
estimating biased parameters and giving poor investment
decisions [17]. Furthermore, the CEEMDAN2014 method is
utilized to consider different time-cycle factors. This enables
the discovery of more complex relationships between diverse
distributions of investor attention and the carbon market.
④ From a dynamic perspective, this study reveals the non-
linear interactions between investor attention and the carbon
market at different timescales and different quantiles, which
is conducive to comprehending European carbon market
development and providing corresponding recommendations
for market participants. Generally speaking, this article is the
first to establish a direct correlation between the allocation
of investor attention to carbon prices and returns, and so to
explore the nonlinear quantile dependency over different time
periods.

The remainder of this paper is structured into five parts.
Section II provides a brief overview of the existing literature.
Section III outlines the employed methodology. Section IV
unveils the empirical findings and presents the utilized data.
Finally, section V concludes the paper.

II. LITERATURE REVIEW
Various factors have been examined in previous studies
to determine carbon prices, including macroeconomic sit-
uations [23], [24], [25], energy prices [5], [26], financial
markets [27], [28], major events [29] and weather condi-
tions [30], [31]. In addition to exploring influencing factors,
numerous scholars have directed their attention towards
investigating the volatility patterns and risk measurement
associated with carbon prices. Their findings have uncovered
several notable characteristics within the realm of carbon
prices, including high non-stationarity, asymmetry, multi-
scale dynamics, fractal properties, and time-varying jump
behaviors [32], [33], [34]. Based on carbon volatility features
and its impact factors, many studies have concentrated on
the carbon price forecasting models, which can be roughly
divided into econometric methods [35], machine learning
models [36], [37] and hybrid models [19], [20], [38]. Addi-
tionally, an expanding body of research delves into the
interplay between the carbon market and various other mar-
kets, including but not limited to the stock market, energy
market and commodity market [8], [39], [40], [41]. However,
studies on the interactions have generated mixed and varied
outcomes owing to data frequency, observation duration, and
model configuration.

Regarding the correlation between the carbon market and
other markets, the majority of studies have relied on econo-
metric models, which can only yield outcomes within the
time domain. Chevallier [42] employed the cointegration
test, Granger causality test, and impulse response function
analysis to reveal the long-term equilibrium relationship and
interaction between EUA futures and spot prices, with the
former demonstrating the price discovery function. Likewise,
specific studies have employed these methods to investi-
gate the nexus between the carbon market and energy or
financial markets, documenting obvious two-way causative
relations [43]. However, the connection between the carbon
market and the energy and financial markets is confus-
ing. Based on the dynamic conditional correlation GARCH
(DCC-GARCH) model, Yu et al. [44] proved a positive
time-varying volatility correlation between carbon prices
and crude oil prices. In the same vein, Balcılar et al. [39]
employed the Markov-switching DCC-GARCH approach to
uncover that energy prices increase the carbon market fluctu-
ations in regimes of low volatility. Different from this claim,
Zhang and Sun [45] adopted the BEKK method to further
established that there are no significant volatility spillovers
between the carbon market and crude oil market. Further-
more, some scholars have applied the copula framework and
quantile regression approach to capture tail dependence and
connectedness across different quantiles. The results sug-
gest that the uncertainty of financial markets and energy
price fluctuations have asymmetric risk spillovers on carbon
prices, which are more connected during extreme market
movements [46], [47]. From the network microstructure
perspective, Tan et al. [40] systematically examined the Euro-
pean carbon market spillover effects on energy and financial
markets, and confirmed the stage difference in connections,
with a more significant impact of financial risks. Also, the
results of Xu et al. [48] presented a U-shaped trend in the
different phases of the EU ETS.

In addition to the carbon market’s interactions with other
markets over time, some studies suggest exploring these
connections across various frequency intervals. This method-
ology assumes that the carbon market’s unions with other
markets may differ over different time horizons. For example,
Sadefo Kamdem et al. [49] analyzed how EUA and CER
prices correlate during different periods by employing the
wavelet method. There is substantial proof of their correla-
tion at low frequencies, although the high- and mid-range
frequencies show weakened linkages following the finan-
cial crisis. This is aligned with previous research on the
association between carbon prices and other asset classes
at different time scales. Using the EMD method alongside
both linear and nonlinear Granger causality tests, scholars
have concluded that the original data and the high frequency
of EUA and crude oil prices are not correlated. However,
there is evident mutual linear and nonlinear transmission in
the intermediate term, along with a noteworthy reciprocal
linear causation over the long haul [44]. In combination
with the vector error correction model and MEMD approach,
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Zhu et al. [27] determined that electricity price impacts
fluctuations in carbon prices from the short- to long-term,
whereas coal, crude oil and natural gas only affect medium-
and long-term variations. In order to reveal the direc-
tional connections at different time and frequency horizons,
some studies adopted the spillover methods of Diebold and
Yilmaz [50], as well as Barunik and Krehlik [51], which
uncovered that the interactions between the carbon mar-
ket and financial and energy markets are time-varying and
frequency-varying [41], [52].

Behavioural finance has developed quickly in the past
few years, highlighting the significance of investor atten-
tion in financial and commodity markets [53], [54], [55],
[56]. Early literature typically used excess returns, trading
volumes, and turnover rates as investor attention’s proxy
variables. However, these indicators do only display the trad-
ing features of the market and cannot directly reflect the
strength and distribution of public attention. With the rapid
development of the Internet, many studies have found that
online big data based on keyword searches can accurately
reflect changes in investor attention [57]. What’s more, many
works have applied the Google search volume (GSVI) or
Baidu index as a surrogate variable for investor attention
and discussed its relationship with other assets. For exam-
ple, the research of Chen et al. [55] identified a nonlinear
connection between investor attention and crude oil across
different time frequencies. This was accomplished using the
wavelet technique and a causality-in-quantiles approach, with
the GSVI serving as the metric for measuring investor atten-
tion. The work of Gao et al. [58] explored the time-varying
and asymmetric interactions between investor attention and
Chinese green bonds and stocks markets using generalized
forecast error variance decomposition model, and they took
the Baidu index of ‘‘green finance’’ as the proxy for investor
attention. Nevertheless, the involvement of investor atten-
tion in the emerging carbon market has been limited thus
far. Recently, Zhang et al. [11] examined the non-negligible
pricing factor of investor attention on carbon returns through
VAR modeling analysis. Supporting this claim, Zhang and
Xia [10] constructed a novel data-driven carbon price fore-
casting approach depending on Google Trends and online
news data, resulting in a better performance when combined
with the LSTM algorithm. However, these two studies have
only concentrated on linear relations or discussed them in the
time horizon, regardless of the interactions between carbon
price and investor attention over the frequency interval as
well as under different market conditions. Due to the inher-
ent nonlinearity and unstationary features of carbon prices,
Zhang et al. [56] adopted a nonparametric wavelet-based
Granger causality test to investigate the connection between
investor attention represented by the Baidu index and the car-
bon emission market in China. And they found there existed a
bidirectional Granger causal relation between them, with the
short-term cycle being the most common Granger causality.
Nevertheless, there are still research gaps in the nonlinear
interactions among the different market conditions between

the carbon market and investor attention, which is crucial for
market entities to make precise decisions.

To sum up, previous literature exemplifies multi-scale
and inconclusive causalities between carbon and different
markets, which provides valuable references for this paper.
However, as far as we know, the potential influence of
investor attention on the carbon market that analyzed through
time-frequency techniques remains understudied. First of all,
there exists inter-reactions between investor attention and
the carbon market. On the one hand, in the process of pro-
moting green emission reduction policy, carbon financial
assets are increasingly favored by the markets. As one of
the important reference factors in investors’ investment pro-
cesses, the fluctuation of carbon price and returns has a direct
impact on investor attention. On the other hand, based on
limited attention theory, investors’ time and energy spent in
the carbon market will gradually be transformed into actual
capital investments. Therefore, investor attention has become
the driver of their investment behavior, which has a critical
impact on the carbon asset pricing, carbon price volatility and
carbon returns. Secondly, as an important emerging factor of
the carbon market, in varying market conditions and across
diverse time horizons, the impact of investor’ attention on
carbon prices and investment returns can exhibit differences.
Theoretically, on the one hand, it is necessary for market
players to capture the relationship in extreme market envi-
ronments between the two, as it could enable them to adopt
better measures of risk aversion. On the other hand, since
different market players differ in how they respond to and
pay attention to information over different time horizons,
understanding the frequency of dynamic interactions between
investor attention and the carbon market is crucial. Moti-
vated by this implication, our aim is to explore whether
investor attention (carbon) is the Granger cause of carbon
(investor attention). To achieve this, we conduct a blend of
the CEEMDAN2014 technique and nonparametric quantile
Granger causality examination. To obtain a more accurate
assessment of the effects across various time and frequency
ranges, we integrate CEEMDAN2014 and quantile regression
approaches. This enabled us to compare the outcomes of dif-
ferent scales and quantiles. In this vein, this study addresses
a gap in prior research.

III. METHODOLOGY
A. CONSTRUCTION OF INVESTOR ATTENTION INDEX
With the rapid development of the Internet, the main sources
of information for investors have become online. However,
only when it attracts investor attention will corresponding
online search behavior occur. Meanwhile, data from Google
Trends can effectively reflect the focus and degree of attention
of global investors [17], [18]. Consistent with prior research,
we choose the GSVI to represent investor attention, which
can provide a highly diversified information set and avoid
errors resulting from indirect proxies (such as trading volume
and turnover rate) of investor attention [11]. Google Trends
generates a trend chart with a standard quantitative range

VOLUME 12, 2024 113991



Y. Wu et al.: Does Investor Attention Matter for Carbon Market?

from 0 to 100, which indicates the ratio of actual searches
to maximum searches for a given search term in a given time
period and region. It should be noted that the value of GSVI
doesn’t represent absolute search volume, and 0 means that
the search volume of keywords is lower than a certain thresh-
old, whereas 100 indicates the highest point on a specified
date [55].

Given different sensitivities of investors, their relevant
search behaviors and keywords also vary. In order to reduce
subjectivity and increase consistency with online search
behavior, we first choose the keywords that are most likely to
influence the changes in carbon price through expert review
and discussion. Since there may be noise in these multi-
ple carbon-related Google search terms, so that, we then
employed the principal component analysis (PCA) method
to reintegrate the information to construct a proxy for GSVI.
PCA technique can convert the original search terms into
new irrelevant variables, namely principal components, and
each principal component is obtained as a linear combination
of all search volumes. More importantly, a low-dimensional
variable system can retain the complete or utmost infor-
mation content of the variables, while reducing noise
redundancy [59].

Supposing that xit represents the i-th Google search term,
and

∑
denotes the covariance matrix of variables along with

their eigenvalues λi. Subsequently, we choose these eigen-
vectors ei corresponding to eigenvalues exceeding 1, and
whose variances add up to more than 80% as the principal
components, as illustrated below.

PCjt =

∑n

i=1
eijxit (1)

Here, PCjt signifies the j-th principal component, while n
refers to the overall count of the selectedGoogle search terms.

Lastly, GSVI is constructed through assessing the propor-
tionate contribution rate of the eigenvalue for each principal
component. In order to standardize the original format,
we refer to the research of Chen et al. [55] and normalize
the GSVI and multiply it by 100.

GSVI∗t =

∑m

j=1

ωj∑
j j
PCjt (2)

GSVIt =
GSVI∗t − minGSVI∗t

maxGSVI∗t − minGSVI∗t
× 100 (3)

where ωj is the j-th selected principal component eigenvalue
andGSVIt represents investor attention on the carbonmarket.

B. CEEMDAN2014 ALGORITHM
In fact, there are various market participants and investors
in the carbon market, which may affect the interrelation-
ships between investor attention and the carbon market in
different time and frequency domains. Motivated by this,
we utilize the decomposition method to decompose variables
into various time scales, and then explore the time-frequency
dynamic correlations between them. As for the frequency
decomposition method, the CEEMDAN decomposition tech-
nology carried out by Torres et al. [60] has been proven

to be an important improvement over EEMD. The CEEM-
DAN approach can solve the problem of matrix alignment
and achieve negligible reconstruction error. Despite that,
CEEMDAN still requires improvement, as its modes contain
residual noise and there are spurious modes in the decom-
position stage. Taking into account these two problems,
this paper uses the CEEMDAN2014 method carried out by
Colominas et al. [21] to decompose the carbon price and
investor attention signals. The core of the CEEMDAN2014
model is replacing the estimation of modes with the esti-
mation of local means. This replacement decreased the
amount of noise present in the modes. In particular, the
CEEMDAN2014 decomposition process does not directly
utilize white noise but instead uses the mode obtained by
EMD, so to reduce the overlapping problem. The CEEM-
DAN2014 algorithm is operated as follows:

Step 1. For every i = 1, . . . , N , generate x(i)(t) = x(t) +

β0E1(w(i)(t)).After that, decompose each x(i)(t) by EMD, and
estimate the local means of the realization to obtain the initial
residue r1(t):

r1(t) = ⟨M (x(i)(t))⟩ (4)

where x(t) represents the original carbon price and returns,
or investor attention. The operator Ek (·) generates the k-th
mode that has been obtained through EMD and w(i) refers
to the realization of white Gaussian noise characterized by a
means of 0 and a variance of 1. M (·) represents the signal’s
local mean that is applied, while ⟨·⟩ refers to the averaging
action throughout the realizations.

Step 2. At the first order (k = 1), calculate the first mode
d1(t) using the following model:

d1(t) = x(t) − r1(t) (5)

By doing so, a decrease in the level of noise can be
achieved, compared with the first EEMD and CEEMDAN
modes.

Step 3. In order to reduce the overlapping demonstrated
in the formulation of CEEMDAN, we make no direct use
of white noise but Ek (w(i)(t) to extract the k-th mode. And
then, calculate the second residue r2(t) as the average of the
realizations of local means:

r2(t) =

〈
M (r1(t) + β1E2(w(i)(t)))

〉
(6)

At the same time, get the second mode d2(t) from the
following formula:

d2(t) = r1(t) − r2(t) = r1(t) − ⟨M (r1(t) + β1E2(w(i)(t)))⟩

(7)

Step 4. For k = 3, . . . , K , the following computation is
used to estimate the k-th residue rk (t):

rk (t) = ⟨M (rk−1(t) + βk−1Ek (w(i)(t)))⟩ (8)

Step 5. Similar to Step 3, calculate the k-th mode dk (t):

dk (t) = rk−1(t) − rk (t) (9)
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Step 6. Proceed to Step 4 for another k .
Continue iterating steps 4 - 6 until the remainder can no

longer be decomposed using the EMD technique. Observe
that, by the construction of CEEMDAN2014, the original
signal can be expressed as:

x(t) =

∑K

k=1
dk (t) + rk (t) (10)

K represents the total number of modes. Consistent with
Colominas et al. [21], the constants βk = 0.2std(rk (t))
are determined to achieve the desired signal-to-noise ratio
between the added noise and residue.

C. NONPARAMETRIC CAUSALITY- IN- QUANTILES TEST
Using the nonparametric causality-in-quantiles approach
developed by Balcilar et al. [22], we examined the intricate
relationship between investor attention and the carbon mar-
ket under various market conditions. As financial data have
frequently been observed to exhibit nonlinearity, structural
changes and regime shifts, different nonlinear causality test
techniques have been constructed to address these unfavor-
able statistical properties. Among which, the causality-in-
quantiles test is advantageous in tackling broad time series
dependencies and is robust against functional misspecifica-
tion errors [41].

For the component of the k-th mode, assuming
that at refers to investor attention and bt denotes
the carbon price or return, we say the lag vector of{
bt−1, . . . , bt−p; at−1, . . . , at−p

}
prevents at from causing bt

at the θ -thquantile if

Qθ

{
bt |bt−1, . . . , bt−p; at−1, . . . , at−p

}
= Qθ

{
bt |bt−1, . . . , bt−p

}
(11)

However, at is a prima facie cause in the θ -thquantile of bt
concerning

{
bt−1, . . . , bt−p; at−1, . . . , at−p

}
if

Qθ

{
bt |bt−1, . . . , bt−p; at−1, . . . , at−p

}
̸= Qθ

{
bt |bt−1, . . . , bt−p

}
(12)

where Qθ {bt |·} represents the θ -th quantile of bt depending
on t and 0 < θ < 1. Let Bt−1 ≡ (bt−1, . . . , bt−p),At−1 ≡

(at−1, . . . , at−p), and C t−1 = (At−1,Bt−1), which denote
a past set of information. Hence, Fbt |C t−1 (bt |C t−1) and
Fbt |Bt−1(bt |Bt−1) indicate the conditional distribution func-
tions of bt given C t−1 and Bt−1, respectively. In addition,
for almost all C t−1,Fbt |Bt−1

(bt |Bt−1) is supposed to be abso-
lutely continuous in bt . If we further define that Qθ (C t−1) ≡

Qθ (bt |C t−1) and Qθ (Bt−1) ≡ Qθ (bt |Bt−1), we can then
obtain that Fbt |C t−1 {Qθ (bt |C t−1)} = θ with a probability
of one. Therefore, the assumptions to be tested for defini-
tions (11) and (12) are:

H0 : P{Fbt |C t−1 {Qθ (bt |C t−1)} = θ} = 1 (13)

H1 : P{Fbt |C t−1 {Qθ (bt |C t−1)} = θ} < 1 (14)

The null hypothesis, defined in Equation (13), will be true
only if F[1{bt ≤ Qθ (Bt−1)|C t−1}] = θ or, likewise, 1{bt ≤

Qθ (Bt−1)} = θ + εt , where 1{·} is an indicator function and
the regression error εt satisfies F[εt |C t−1] = 0. Conversely,
the distance measure is defined as the following form:

J = E[{Fbt |C t−1 {Qθ (bt |C t−1)} − θ}
2fC (C t−1) (15)

where fC (C t−1) represents the marginal density function of
C t−1. It is worth noting that only if the null in Equation (13) is
true, J = 0; otherwise, J > 0 will occur under the alternative
hypothesis in the Equation of (14). Furthermore, the feasible
kernel-based test statistic for J is founded on the following
method:

ĴT =
1

T (t − 1)h2m
∑T

t=m+1

∑T

s=m+1,s̸=t
Ktsε̂t ε̂s (16)

whereKts = K [(C t−1−Cs−1)/h] refers to the kernel function
using a bandwidth parameter h, T represents the sample size,
m refers to the lag order. And ε̂t = 1{bt ≤ Q̂θ (Bt−1)} − θ

defines the estimation of the regression error, where Q̂θ (Bt−1)
is estimated by F̂−1

bt |Bt−1
(θ |Bt−1). The Nadaraya-Watson ker-

nel estimator represented as F̂−1
bt |Bt−1

(bt |Bt−1) is calculated
by:

F̂−1
bt |Bt−1

(bt |Bt−1) =

∑T
s=m+1,s̸=t L((bt−1bt−s)/h)1(bs ≤ bt )∑T

s=m+1,s̸=t L((bt−1bt−s)/h)

(17)

with L(·) denoting the kernel function and h representing the
bandwidth.

Following Balcilar et al. [22], we use the least-squares
cross-validation technique to choose the most appropriate
bandwidth, and theGaussian-type kernels are utilized forK (·)
and L(·). In a VAR model consisting of investor attention,
carbon prices and returns within the k-th frequency domain,
we employ the Schwarz information criterion to ascertain the
appropriate lag order.

D. THE PROPOSED MULTI-SCALE CAUSALITIES BETWEEN
INVESTOR ATTENTION AND CARBON MARKET
In this study, a CEEMDAN2014-based causality-in-quantiles
test approach is suggested to explore the dynamic interactions
between investor attention and the carbon market at different
timescales and conditions, as displayed in Figure 1. This
method includes four main steps: ① Multi-scale decompo-
sition. The investor attention and carbon prices or returns
are decomposed into several IMFs by the CEEMDAN2014
algorithm respectively, from high to low frequency. ② Non-
parametric tests for quantile causality. The nonparametric
causality- in-quantile tests were performed to investigate
the interactions between the IMFs of each pair. ③ Quantile
regression. We resort to the concept of quantile regression
to assess the impact of investor attention (carbon market)
on carbon prices or returns (investor attention). ④ Dynamic
analysis. We analyze the empirical results of different quan-
tiles as well as different time horizons, so to obtain dynamic
interactions and contrastive analysis.
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FIGURE 1. Framework of the proposed multi-scale quantile causalities
analysis.

IV. EMPIRICAL ANALYSIS
A. DATA DESCRIPTION
Considering the mature price mechanism of the carbon
futures market and active trading volume, this paper con-
centrates on the most important and largest carbon market,
namely, the EU ETS carbon market. EUA futures prices
(EUAP) and returns (EUAR) are employed because of their
higher quality and practicability for market players [8], [19].
The logarithmic difference of EUA futures prices are used to
obtain the respective EUA returns. The sample data for this
study consists of 727weekly1 observations collected between
4th January 2009 and 4th December 2022. Our empirical
investigation omits Phase I of the EU ETS (2005-2007) since
it was still in a trial-running phase and was not mature
enough. Notably, this sample range includes the global finan-
cial crisis, political uncertainties over the post-Kyoto period,
the outbreak of COVID-19 and other important events and
their impact on the carbon market, which implies the impor-
tance of exploring extreme impacts. The EUA prices are from
the European Energy Exchange (https://www.eex.com/en/).

Internet search is a link between information resources
and user needs. Only when investor attention is aroused
will corresponding online search behaviors occur. Specially,
Google is the biggest and most widely used search engine
globally, which can effectively reflect investor attention
to the carbon market. In line with previous studies [10],
[11], this paper selected the GSVI from Google Trends
(http://www.Google.com/trends) as the proxy variable for
the widespread attention of investors on the carbon market.
In view of the background of carbon emission reduction
and associated words in Google Correlate, after several
rounds of discussion, expert review and removing insufficient
search volume, we select 19 keywords closely associated
with the carbon market, namely, ‘‘EU ETS’’, ‘‘carbon
market’’, ‘‘carbon emission’’, ‘‘carbon trading’’, ‘‘emission

1Due to the GSVI data availability, and to strike a balance between
utilizing potentially noisy daily data and having a relatively short time span
with monthly data, we choose weekly data of EUA futures prices.

TABLE 1. Eigenvalues and explained variances of the principal
components.

trading’’, ‘‘carbon footprint’’, ‘‘Kyoto protocol’’, ‘‘carbon
neutral’’, ‘‘global warming’’, ‘‘climate change’’, ‘‘green
development’’, ‘‘green economy’’, ‘‘sustainable develop-
ment’’, ‘‘green investment’’, ‘‘emission reduction’’, ‘‘low
carbon’’, ‘‘environmental protection’’, ‘‘carbon finance’’,
‘‘UNFCCC’’. Among them, some terms are directly related
to the supply and demand of carbon market, such as ‘‘carbon
trading’’, ‘‘emission trading’’ and ‘‘carbon footprint’’, and the
terms ‘‘EU ETS’’, ‘‘Kyoto protocol’’ and ‘‘UNFCCC’’ are
related to carbon trading policies and platforms, and others
are in connection with low carbon development environment,
such as ‘‘sustainable development’’, ‘‘climate change’’ and
‘‘green economy’’. Since the initial intention to establish
carbon market is to furnish a market regulation means for
emission reduction, and environmental issues are the core
targets of the carbon market, with a typical policy-driven
feature. Therefore, the Google search index we selected could
reflect investor attention in the carbon market more directly
and accurately. With a global region and a large time span,
the GSVI time series viewed were weekly. And then, in order
to retain as much information as possible about all entries
and reduce noise, the PCA method was applied to extract
equivalent information from these key search terms. Table 1
displays the components derived through the PCA approach.
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TABLE 2. Descriptive statistics of variables.

Based on Equation (1), we get the principle components.
As we can see in Table 1, only the first component PC1t
with eigenvalue ω1 = 16.7461 greater than 1 can explain
approximately 88% of the information. Therefore, we select
the first component PC1t as the main component, and then
obtain the GSVI through applying formulas (2) and (3).
Table 2 presents the basic descriptive characteristics of the

carbon prices, returns and investor attention. As can be seen,
the wide range of carbon prices and returns demonstrates
a high risk of carbon emission trading, with a weak posi-
tive value for average carbon returns. Moreover, the carbon
prices skewness is above 0, and the kurtosis is higher than 3,
suggesting a right-skewed distribution with a high peak.
However, the carbon futures returns with skewness less than
0 are the opposite, showing a leftward skew. Furthermore,
the significance of the JB statistics shows that carbon prices
and returns and investor attention do not obey the normal
distribution. Differently, the skewness of investor attention is
slightly greater than 0 with the kurtosis close to 3. As for the
nonlinear test, the respective p-values of the Z-statistics of all
three variables are less than 0.01, demonstrating the nonlinear
nature of these signals. This suggests that Granger causality
tests are likely to suffer from misspecification when based on
a linear framework.

Figure 2 illustrates time series trend graphs for each vari-
able. As seen from Figure 2, there is some resemblance period
for EUA prices and returns towards the conclusion of Phase II
and during the outbreak of COVID-19, demonstrating the
sensitivity of the carbon market to the external environment.
However, the carbon price shows a rising trend due to the
global movement towards achieving ‘‘carbon neutrality’’,
with the pricing mechanism of the carbon market greatly
improved. It is worth mentioning that the GSVI has shown
a tendency to increase to a certain extent whenever carbon
prices or returns experience a significant drop. This finding
suggests that investor attentionmay have an adverse feedback
impact on the carbon market.

B. MODE CHARACTERISTICS ANALYSIS
In order to explore the impact of investor attention on carbon
prices and returns in different frequency domains, we conduct
the CEEMDAN2014 method to decompose the original sig-
nals and analyze the suggested sequences. Figure 3 - 5 show
the volatility trends of each mode component. As illustrated
in Figures 3-5, with the signals changing from IMF1 to IMF7

or IMF8 and the residuals, the frequency changes from strong
to weak.

In terms of the timescales of eachmode reported in Table 3,
these IMFs can be classified into three groups from high-
to medium- and low-frequencies. IMF1, demonstrating a
time period within one month, reflects short-term fluctua-
tions owing to random variables, such as market noise and
speculative trading [8], [27]. IMF2 to IMF5, with a timescale
from one month to one year, interpret the influences of exter-
nal heterogeneous environments on the carbon market and
investors, such as economic crises, climate negotiations and
extreme events. The remaining modes and residuals with a
time horizon greater than a year, describe the long-term trends
of these signals. Considering the frequency period and fluc-
tuation of each component, we superimposed three groups of
signals respectively. Therefore, quantile Granger causality is
conducted at three different timescales, namely short-scale,
medium-scale and long-scale, to discover the potential non-
linear Granger causality relation between investor attention
and the carbon market. To conserve space, the reconstructed
figures of the decomposition modes (Figure 9 to Figure 10)
are supplied in the Appendix.

C. MULTI-SCALE QUANTILE GRANGER CAUSALITY
ANALYSIS
Through a mode characteristics analysis, we find that the
carbon market and investor attention have different fea-
tures in different frequency domains. As mentioned, previous
literature [11] relying on the mean linear Granger test
illustrated that investor attention is the Granger cause of
carbon returns, and short-term cycle length is the most
common causality [56]. However, no studies have explored
the dynamic nexus between the two factors throughout the
entire time period while also taking into account different
market conditions. Given the non-stationarity and nonlin-
earity characteristics of the decomposed components, thus,
this article develops a method for quantile Granger testing
rather than the traditional linear causality test on the basis of
CEEMDAN2014 decomposition. This method is employed
to examine the quantile causality of investor attention and the
carbonmarket across various time horizons, and so to uncover
possible nonlinear Granger causality.

In this context, we chose 19 quantiles (from 0.05 to 0.95,
with an interval of 0.05). In line with the work of Chen et al.
[55], the quantiles distributions are divided into three market

VOLUME 12, 2024 113995



Y. Wu et al.: Does Investor Attention Matter for Carbon Market?

FIGURE 2. Time series of carbon prices and returns with investor attention.

FIGURE 3. Decomposition results of original carbon price.

conditions: bear market (0.05-0.25), normal market (0.3-0.7),
and bull market (0.75-0.95). Subsequently, Figure 6 and 7
visually represent the degree of causality and predictabil-
ity between investor attention and the carbon market across
different quantiles, where (a) - (c) correspond to the short,
medium and long timescales, respectively.

As illustrated in Figure 6, GSVI is basically the Granger
cause of carbon prices and returns across different frequency
scales as well as quantiles, whereas the predictive strength
is not the same. The curves in Figure 6 (a) and (b) are

two-humped, indicating that the degree of causality in the
short and medium terms intensifies towards the bear market
or bull market conditions; however, this is opposite to that of
Figure 6 (c) with one-humped curves over the long timescale.
The implication is that the causality from investor attention
to the carbon market is strong around the median of the
carbon price and returns distribution, but weakens towards
the quantiles far from the medium. In contrast, the long-term
causality from GSVI to the carbon market is larger and
more significant. That is to say, the causality from investor
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FIGURE 4. Decomposition results of carbon futures returns.

FIGURE 5. Decomposition results of investor attention.

TABLE 3. Timescale of the correspondence IMF modes (week).

attention to the carbon market is asymmetric, which reaffirms
the utilization of the quantile Granger causality test over the

conventional linear test. ① Regarding the short-term scale
perspective, investor attention is considered as a Granger
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cause of carbon prices at the 10% level of significance for
most quantiles except for the lowest, median, and highest tails
(i.e., θ = 0.05, 0.4, 0.45, 0.5, 0.95). Moreover, carbon market
investors pay more attention to the returns, as the causality
of GSVI on carbon returns is stronger and more profound for
almost all quantiles at the 5% significance level other than the
lowest tails (θ = 0.05). This finding indicates that, at the short
term, the increase in investors attention promotes their under-
standing of carbon market information, enhances the demand
for carbon trading products, and drives changes in carbon
prices and returns, especially under bearish and bullish mar-
ket conditions. But, investor attention cannot predict carbon
price changs in a normal market when the carbon market is
stable. ② However, in the case of the medium scale, little
evidence of Granger causality from GSVI to carbon returns
is observed at the 5% level for θ = 0.15, 0.2, 0.45, and 0.75.
For carbon prices, Granger causality exists for almost all dis-
tributions apart from the extreme bearish and bullish market
conditions (θ = 0.05, 0.95). One possible reason is that, due
to the influenced of external heterogeneous environments and
major events, the causality fromGSVI to the carbon market is
relatively complex among the medium scales. What’s more,
the time-lag effect of the external events and information
acquisition may amplify the spillover effect from investor
attention to the carbon market. Another plausible explanation
may be attributed to the nonlinear and multi-scale charac-
teristics of the causal connection between investor attention
and carbon market. As shown in Table 5, the GSVI Granger
causes carbon prices and returns across the scales of IMF3
to IMF5, and the predictive power become more and more
greater. But for IMF2, causality is relatively weak except
for a few moderate market phases. Therefore, at the time
period of about 6 weeks, market players could not refer to
investor attention to predict changes in carbon prices under
normal market conditions or when the carbon futures return
is extraordinarily low.③While in view of the long-term scale,
GSVI to the cause of carbon prices and returns are basically
equal, and both are significant and profound at the level of
1% across all quantiles and present an inverted U-shape. This
indicates that the long-term causality is strong around the
medium term and weakens towards the far tails of the car-
bon prices and returns distribution. In other words, investors
place greater emphasis on carbon assets under normal market
conditions in the long run. Possible explanation could be
that carbon emissions trading is dominated by hedgers or
emission control companies, who typically engage in long-
term trading. However, speculators with low market share
tend to make short-term investment decisions, which have a
small impact on carbon prices and returns. In addition, the
hump-shaped causality curve again verifies the asymmetric
causal relationship between the GSVI and carbon market.

On the other hand, as seen from Figure 7, fluctuations in
carbon prices and returns appear to be the dominant Granger
factor in relation to investor attention, as observed across
all frequency levels and on most quantiles, except for the
extreme downturn/upturn markets at short timescales and

FIGURE 6. Causality-in-quantiles test results for carbon market.
Note: The red, green and black dotted lines represent the critical values at
the significance level of 1%, 5% and 10%, respectively. GSVI1, GSVI2 and
GSVI3 are the reconstructed short-term, medium-term and long-term
series respectively, and are the same as EUAP and EUAR.

medium horizons. At the same time, the causality from car-
bon market shocks to investor attention intensifies over time
increase.

① In the short term, carbon prices and returns show a
Granger causality relationship with the GSVI at a signifi-
cance level of 10% for all quantiles, apart from the lowest
and highest tails (θ = 0.05, 0.95). Moreover, the curve is
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smoother under normal market conditions, which implies that
the explanatory power of carbon prices and returns does not
differ greatly. Nevertheless, the curve becomes steeper under
bullish market conditions, suggesting a stronger impact on
investor attention. ② With regard to the medium-term scale,
Granger causality indicates that there is a significant level
of 5% for the flow from carbon prices and returns to GSVI,
except for the outer tails of the conditional distribution (θ =

0.05, 0.95). Specifically, Granger causality is stronger under
normalitymarkets and reaches amaximum for θ = 0.6. Aswe
know, carbon futures returns are more symbolic of the risk
of the carbon market than carbon prices. When impacted by
external extreme events, the changes in carbon returns can
attract more attention from investors, thus increasing their
search volume online and showing greater prediction power
than carbon prices. In this sense, investors should focus more
on fluctuations in carbon returns. ③ In the case of the long-
term timescale, Granger causality becomes stronger and also
exhibits an inverted U-shaped curve. The two curves are
similar and both are significant at the level of 1% under any
market conditions. Therefore, we can deduce that the varia-
tions in carbon prices and returns easily affect the decrease
or increase in the GSVI, which is mainly spread across
different frequency scales under normal market conditions
and weakens towards extremely bearish or bullish market
phases. The reason might be that the variations in investor
attention under extreme market conditions are remarkably
affected by major events and emergencies besides carbon
market volatility, thus demonstrating a weaker causality from
carbon prices and returns around the quantiles far from the
medium. Similarly, the hump-shaped causality curve affirms
the asymmetric causal relation from carbon market to the
attention of investors.

Accordingly, combined with Figure 6 and Figure 7, the
results validate the hypothetical claims of our research that
there are nonlinear and bi-directional causal connections
between investor attention and the carbon market. When
carbon prices and returns change, market players will take
the initiative to select suitable keywords for Internet searches
relying on recent information on the carbon market, further
influencing the trend of the Google search index. Before
making investment decisions and risk management decisions,
carbon market participants will also take the initiative to care
about online information, and changes in Google search data
provide a reference for decision-making behavior, which will
then affect the variations in carbon asset prices. Because
different market players differ in how they respond to and
pay attention to information over different time horizons,
the interactions between them are multi-scaled, which falls
in line with the results of Zhang et al. [56]. However, they
did not find that the Granger causal relation behaved differ-
ently around different market conditions. As revealed by our
results from the multi-scale quantile Granger causality tests,
the hump-shaped causality curves imply that the long-term
causality is stronger around normal market conditions and
weaker towards bullish and bearish markets. Besides, the

FIGURE 7. Causality-in-quantiles test results for investor attention.

short-term and medium-term causality is insignificant for the
extreme downturn and upturn markets.

D. THE QUANTILE DEPENDENCE RESULTS ACROSS
SCALES
The above results illuminate in detail about the strength of
the causality-in-quantiles between investor attention and the
carbon market across various time and frequency horizons.
Notwithstanding, we could not determine the magnitude
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and direction of these impacts among them. As a conse-
quence, this article sets up a CEEMDAN2014-based quantile
regression method that can more accurately account for the
nonlinear interactions between investor attention and the car-
bon market. The effects of investor attention on carbon prices
and returns are shown in Figure 8 and Table 6.
As demonstrated in Figure 8 and Table 6, this study

observes several important features of the relationship
between investor attention and the carbon market. In terms
of the magnitude of influence, it illustrates different signifi-
cance across both time and frequency domains. Additionally,
changes in carbon prices and returns display a distinctive
asymmetric response to attention of investors at every level,
with the exception of long-term carbon returns. This illus-
trates the necessity of analyzing the relationship between
investor attention and the carbon market in different time
domains and under various market conditions. ① For exam-
ple, at the short-term scale, it captures a beneficial impact
on the low quantiles of EUAP and EUAR but an adverse
impact on the high quantile; and the marginal effect is more
significant and stronger on EUAR, which is in accordance
with the result demonstrated in Figure 6 (a). One major cause
of this phenomenon might be the investors’ risk hedging
behaviour. During periods of high carbon prices and returns
volatility, investors may rely on carbon futures as hedging
techniques to be added as their portfolio investment to reduce
upside or downside risks. Investor attention can promote
carbon assets trading when the carbon futures price is low;
otherwise, the attention of investors could hinder the price
during times of a high-price period. It is understandably easy
to interpret that during a collapse in carbon futures prices, the
growing interest from investors impels them to purchase car-
bon assets; and then the increased demand could induce more
carbon emission trading and higher prices, which becomes
more obvious at the long-term scale. By comparison, when
carbon prices are in a surge stage, investor attention may
originate from short sellers, resulting in enhanced supply
and lower prices. As the carbon returns are more vulnerable
to market factors at the short-term scale, the influence of
investor attention is still asymmetric between the low and
high quantiles. ② However, in the long run, carbon returns
are very much dictated by supply and demand fundamentals
and are relatively unaffected by external forces, and the mag-
nitude of the effect caused by investor attention decreases and
homogenizes. It is worth noting that as the carbon market
develops and we strive towards carbon neutrality, investor
attention will shift to increasing carbon returns in response to
the bullish tendency. As we can see from Figure 8 (c), the esti-
mated coefficient is strengthened at the right tail of the carbon
returns distribution. ③ Turning to the medium-term scale, the
signs of the coefficients are opposite to those of the short-term
and long-term scales. Under bearish market conditions, the
GSVI negatively impacts carbon prices and returns. However,
around bullish market conditions, variations in GSVI are
positively correlated with the carbonmarket. The inefficiency
of the carbon market and bounded rationality of investors

can explain this finding. In the medium-term, investors are
inclined to behave with greater rationality and calmness than
short-term investors but are more proactive than long-term
investors in the bear market. When the economic actor has
limited rationality, according to prospect theory, they will
make actual decisions in the ‘‘noise trading’’ of the inefficient
market based on their ownwealth expectation [61]. In view of
this, the traders who are irrational seem to be more inclined
towards risk aversion than revenue generation. As a result,
they intend to maintain their positions or even liquidate them
amidst market panic, leading to a decline in carbon prices
and returns. Operations in a bull market may be the opposite
of those in a bear market. Moreover, as can be seen from
Table 6, the marginal effect is not significant at the medium
term, owing to the external complex factors influence and
multi-scale features of the variables, which is similar to
the results in Figure 6 (b). Overall, investor attention has a
nonlinear relationship with the carbon market, with stronger
effects at the lower and upper quantiles. The carbon market
is unstable and vulnerable as the carbon price or return is
extraordinarily high or low. Hence, even a slight shock from
investor attention can result in obvious fluctuations in the
carbon market. In addition, facing the pressure of extreme
carbon market conditions, regulators tend to impose more
policies to maintain carbon market stability, which inevitably
increases the attention of investors and amplifies the impact
of GSVI on carbon assets.

Likewise, the carbon market has an asymmetric impact on
investor attention, and presents a difference between carbon
prices and returns (see Table 4). By contrast, carbon returns
seem to have amore significant and greater impact on investor
attention, whether at the short-term scale, medium-term scale
or long-term scale. ① As for the short scale, the frequent
fluctuations in carbon prices and returns imply noise trading
and hedging effect behavior of investors, leading to lower
carbon trading yields, which is more obvious for low- or high-
search phases. At the same time, high-frequency oscillations
of carbon returns indicate a high risk in the carbon market,
causing investors to shift their investment decisions towards
other commodity markets, and then reduce attention to the
carbon market. ② Nevertheless, in terms of the medium-term
scale, greater fluctuations in carbon prices and higher carbon
returns lead to increased investor attention. As mentioned
in Section IV-B, the medium-scale characteristics of carbon
prices and returns are mainly attributed to the impact of
external heterogeneous environments and major events. With
lower fluctuation amplitude and frequency of carbon assets,
the marginal effect of the carbon market on investor attention
becomes positive. But the signs of the statistics of quantile
regression are almost insignificant across the investor atten-
tion distribution, which might be owing to the impulses from
external events. This phenomenon is also consistent with the
result in Table 6, which suggests that we are unable to obtain
valid reference information from their nexus at the medium
timescale. ③ Meanwhile, the relationship becomes weaker
over long-term timescales. This is probably because the effect
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FIGURE 8. Estimates of the quantile dependence from investor attention
to carbon market.

of carbon price and return changes on investor attention
will be gradually assimilated over time. Notwithstanding,
we can also find that the signs of the coefficients are positive
across almost all investor attention distributions but negative
at the right tail. Under the vision of carbon neutrality and the
long-term growth trend of carbon prices and carbon returns

FIGURE 9. The reconstruction diagram of carbon prices decomposition
sequence.

FIGURE 10. The reconstruction diagram of carbon returns decomposition
sequence.

(see Figures 3 and 4), investor attention to the carbon market
presents an increasing trend. However, under bullish market
conditions, changes in carbon prices and returns may increase
the market risk of carbon futures, since carbon futures serve
as essential commodity assets, thereby resulting in a decrease
in investor attention based on their risk hedging behaviour.
Furthermore, our findings once again highlight the nonlinear
impacts between investor attention and the carbon market
under various distributions and among different timescales,
which is consistent with our theoretical derivation proposed
in Section II.

Interestingly, comparing Tables 4 and 6, we can observe
that the impact of the carbon market on investor attention
is significantly greater than that of investor attention on the
carbon market. Under carbon neutrality targets, the carbon
trading system is designed mainly to address global climate
and environmental issues. Different from traditional financial
commodities, carbon assets have weak financial attributes
and long transaction cycles [8], and they are vulnerable to
the impact of regulations on emission reduction, changes
in energy prices and macroeconomic shocks. Therefore,
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TABLE 4. The quantile dependence results of carbon market on investor attention.

FIGURE 11. The reconstruction diagram of investor attention
decomposition sequence.

investor attention may not be the most critical factor influenc-
ing the carbon market, while stable and sound development
may bring an important effect to investors.

V. CONCLUSION
The carbon emissions trading market is considered as one of
the most effective approaches to achieving carbon neutrality,

and has been receiving increasing attention. Compared with
other traditional financial markets, the carbonmarket exhibits
noticeable nonlinearity and is sensitive to shocks in climate
policy and economic environmental changes. From the stand-
point of behavioral finance, an interaction between carbon
markets and investor attention is possible. However, most of
the existing research has concentrated solely on the inter-
actions between the carbon market and the energy, finance,
and commodity markets, and has overlooked the nonlinear
interactions between investor attention and the carbon mar-
ket, especially the spillover and connectedness between them
under different market conditions and timescales. In this con-
text, we adopt a multi-scale perspective and construct a novel
CEEMDAN2014-based quantile Granger causality approach
and quantile regression method, and so to explore the non-
linear quantile dependency over different time periods. The
primary conclusions are encapsulated as follows:

We initially employ the CEEMDAN2014 method to
decompose investor attention and carbon price and return
sequences, which demonstrates the advantages of describing
the multi-scale features of these signals. After decomposi-
tion, we reorganized the IMFs and residuals into three time
horizons, namely short scale (within one month), medium
scale (above one month but below one year ), and long scale
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TABLE 5. Quantile granger causality results for medium terms (IMF2 to IMF5).

(above one year). On the one hand, this paper explores the
predictability of investor attention towards carbon prices at
various time intervals utilizing the nonparametric quantile
Granger causality test approach. On the other hand, this study
also examines the effects of different market conditions on
this predictability. The results indicate an asymmetric and
dynamic connection between investor attention and the car-
bon market across all timescales.

In the short term, carbon prices and returns have drawn
the interest of investors across nearly all quantiles except for
the medium one (θ = 0.4, 0.45, 0.5). Investor attention is a
significant and larger driver of carbon return. But in view of
the medium-term, especially for the scale of IMF2 (about a
month and a half), the Granger causality is relatively weak
except for a few moderate market phases (θ = 0.2, 0.45,
0.75). While as for the long-term scale, investor attention
appears to be the Granger cause of carbon prices and returns
at all quantiles, and the explanatory power is larger and more
significant. The hump-shaped curve reveals that investors
pay more attention towards carbon assets in normal markets.
What’s more, the carbon market causes investor attention
across all timescales and quantiles, with the exception of the
extreme downturn and upturn markets (θ = 0.05, 0.95) at

short and medium scales. As investor attention may generate
interest, the results indicate that carbon assets can be treated
as speculative assets in the short run and hedging assets in
the long run, thus confirming their financial attributes of
carbon assets. However, we may be unable to obtain valuable
information from medium-term interactions, for the complex
and inconspicuous causality results between investor atten-
tion and the carbon market.

After knowing the causality of investor attention on car-
bon prices and returns, it is necessary to further quantify
these influences. Our proposed method consists of a com-
bined approach using multi-scale analysis and the quantile
regression method, which is robust to outliers and structural
breaks in a dataset. Empirical findings reveal an observable
asymmetrical impact of investor attention on carbon prices
and returns across different time frames. At the short-term
scale, the influence of the lower percentiles of carbon prices
and returns is positive (about 0.01 for θ = 0.05), whereas
it is negative for the higher quantiles (nearly −0.02 for
θ = 0.95), with a stronger impact on carbon returns. Nev-
ertheless, its impact on carbon returns diminishes in the
long-term (approximately 0.0002). Additionally, contradic-
tory results are obtained from the medium scale, which could
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TABLE 6. The quantile dependence results of investor attention on carbon market.

be attributed to external uncertainties and illogical trade.
As for the influence of the carbon market on investor atten-
tion, the findings show that carbon returns have a more
pronounced effect. Moreover, the strength of the impact
decreases with increasing timescales (less than 0.1 at the
long-term scale). It should be noted that investor attention is
influenced more by the carbon market. All in all, the outcome
is consistent with our theoretical derivation.

Consequently, examining and measuring the interactions
between the carbon market and investor attention across
various frequency domains and diverse market situations
hold several practical implications. Firstly, carbon price pre-
diction is of paramount importance for market regulators
and participants as it enables them to monitor and mitigate
risks, particularly in challenging market conditions. Thus,
policymakers should devote sufficient attention to GSVI to
maintain a stable and efficient carbon market. Considering
the confusing connectedness between investor attention and
the carbon market at the medium scale, policymakers should
make their policies transparent, thus reducing the time and
information costs of policy transmission. Meanwhile, mar-
ket regulators should enhance the defense mechanism of
the carbon market in response to external event impacts,
and should be fully aware of the importance of reducing

irrational components in carbon market volatility. Secondly,
by tracking the asymmetric impacts of investor attention on
carbon assets at various quantiles, investors can improve
the timing of their investments in carbon emission trading.
Since investor attention exerts a more significant impact on
the carbon market on extreme quantiles of the carbon assets
distribution, investors should pay more attention to the GSVI
when carbon prices or returns are incredibly high or low.
Furthermore, to achieve better profits and hedge effectively,
individual investors in the carbon market may consider the
significant factor of investor attention, especially its multi-
scale effects. The varied spillovers from the GSVI to the
carbon market in different time domains indicate that the
short-, medium-, and long-term carbon pricing mechanisms
are not the same, especially in the presence of GSVI. This
finding provides new insights into the formulation of accurate
carbon pricing models and suggests that investors should
consider short-, medium-, and long-term factors when adjust-
ing their investment plans and asset portfolios. For instance,
carbon financial assets can be speculative in short term,
given that their price changes often correlate with investor
attention. Hedgers can devise long-term investment strate-
gies based on the optimistic development prospects of the
carbon market, while market returns might decrease in the
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medium-term. Lastly, academics and researchers need to take
into attention the dynamic and asymmetric influencing of
investor attention on the carbon market. The approach pro-
posed in our study could comprehensively illustrate how do
they affect each other under whole distributions and among
different timescales. Neglecting these analyses could result
in losing valuable information that is useful for investors and
policymakers.

Accordingly, this article contributes to the existing liter-
ature from the following aspects: First and foremost, this
study is the first to estimate the spillovers and connect-
edness between investor attention and the carbon market
from a multi-scale and quantile perspective. Moreover, our
findings will promote research on the impact of investor
attention and expand the theoretical methods for studying
carbon financial asset factors, which will help us bet-
ter understand the carbon pricing mechanism. Second, the
multi-scale analysis and quantile dependency provide new
insights into the nexus between investor attention and the
carbon market, promoting investors to optimize their invest-
ment plans and asset portfolios and helping policymakers
to formulate accurate and effective policies to reduce car-
bon emissions. Third, by combining the three different
methods, namely the improved CEEMDAN technique, quan-
tile Granger causality test and quantile regression method,
we provide more scientific and comprehensive results over
the interactions between investor attention and the carbon
market. However, the existing research using the traditional
VAR model [11] and Granger causality tests [56] can only
obtain their linear relations, which are unable to provide
more accurate and specific reference views to carbon market
participants.

Future research should focus on exploring the informa-
tion transmission between investor attention and the carbon
market, in addition to investigating the influence of other
factors. As in the medium term, the effects between investor
attention and the carbon market become slightly weaker and
confusing. The primary factor driving this phenomenon is
that the article only takes into account the interplay between
the carbon market and investor attention, disregarding any
effects that stem from other unaccounted factors. Especially
under extreme market conditions, external uncertainties are
also likely to have an impact on the carbon market and
investor attention. The existing literature demonstrates that
external factors of uncertainty also impact the carbon market,
such as the macroeconomic environment, energy price, and
economic policy uncertainty [6], [25], [41]. Then, we believe
that the carbon market and investor attention are not the only
factors that influence each other. They may be connected to
other external factors, leading to structural change interac-
tions. Moreover, although we obtained comprehensive and
abundant results from our proposed method, there are still
some limitations need further improvement. For example, the
nonparametric quantile causality test analyzes only the causal
relationship between two variables, and does not consider the
impact of other factors on their connections. In this context,

we can dig out the relevant factors that affect changes in their
relationships, and then add them to the model to improve
explaining ability. Moreover, since it is difficult to separate
the rich information carried in highly complex IMFs using the
CEEMDAN technique alone, we can further adopt secondary
decomposition to extract more details from the sequences
effectively. In addition, this paper mainly relied on subjec-
tive judgment and linear dimensionality reduction methods
to obtain a proxy for the GSVI. In the future, we can use
text mining and word cloud methods to fully mine related
keywords of the carbon market, and combine more accurate
nonlinear dimension reduction methods, such as the Isomap
(Isometric feature mapping) approach, to get a more repre-
sentative indicator.

APPENDICES
See Figures 9–11 and Tables 5 and 6.
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